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Abstract

This thesis presents an exploration into the challenges of medical image seg-

mentation, particularly focusing on reliability, interpretability, and strong

annotation sparcity, through the use of tailored loss functions. It tackles

three primary issues: 1) enhancing segmentation output quality 2) address-

ing the scarcity of strong annotations, and 3) evaluating novel application

of the techniques on Multiple Sclerosis (MS) lesion segmentation.

First, this thesis proposes the integration of uncertainty maps into

medical image segmentation to gain insights into the confidence

of a model. The accuracy of these maps in conveying true uncertainty is a

subject of debate. This thesis tackles the intricacies of interpreting uncer-

tainty maps in medical image segmentation, considering factors like lesion

shape, border irregularity, inconsistencies in acquisition methods, variance

in lesion texture, and the presence of image artifacts. The experiments

explore the interpretation of these maps and evaluate their reliability in

different domains. The proposed tailored loss functions incorporate model

uncertainty, error feedback, and their combinations with uncertainty inher-

ent from the data as a regularisation term.

Second, the thesis addresses the challenge of limited accurate an-

notations by introducing a tailored loss function designed for

weakly-supervised medical image segmentation that relies solely
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on bounding box annotations. This novel loss function leverages predic-

tive uncertainty estimates during training to direct model learning towards

areas of the image with high confidence. It also integrates a local spatial

constraint within the loss function to ensure consistent predictions within

a given area. The proposed approach outperforms both state-of-the-art

learning-based and non-learning-based methods, showcasing its superior

efficacy.

Third, the thesis examines the use of proposed uncertainty-aware

loss functions in the fully supervised segmentation of MS brain

lesions. Despite progress, the challenge of accurately segmenting MS le-

sions and minimising misdiagnosis remains, emphasising the necessity for

improved imaging biomarkers and robust segmentation techniques to in-

crease diagnostic accuracy and patient care in MS. Experiments evaluat-

ing two preprocessing methods for extracting brain tissue demonstrate the

influence of preprocessing choices on the outcomes of deep segmentation

methods in complex datasets. Furthermore, we find that loss functions

incorporating model uncertainty feedback using data uncertainty as a reg-

ularisation term enhance segmentation performance on unseen MS data

acquired from different sites and scanners. This highlights the importance

of developing customised loss functions to improve model robustness, in

MS lesion segmentation models.
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Chapter 1

Introduction

Medical imaging, a crucial component of radiological science, enables vi-

sualisation of the human body’s anatomical structures and metabolic in-

formation, assisting in understanding anatomy, organ functions, and phys-

iological processes. It is indispensable for both diagnosing and evaluating

treatment responses [Dhawan, 2011].

Image segmentation plays a crucial role in medical image processing and

has emerged as a key research area for understanding images. In image

segmentation, an image is divided into several segments based on similar

characteristics, essentially isolating the subject from its background. Com-

monly used imaging modalities include Computed Tomography (CT), Mag-

netic Resonance Imaging (MRI), Positron-Emission Tomography (PET),

X-Radiation (X-Ray), and ultrasound, alongside RGB images such as mi-

croscopy, dermoscopy, and retinal images [Liu et al., 2021]. These medical

images contain vital information for the diagnosis of patient conditions and

are increasingly becoming a key component of clinical diagnosis.

Medical image segmentation involves using computer image processing to
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analyse two-Dimensional (2D) or three-Dimensional (3D) images for seg-

mentation, extraction, and 3D reconstruction of human organs and tissues,

enhancing the precision and reliability of medical diagnoses [Liu et al.,

2021]. This process involves several stages, including data collection, pre-

processing, the application of the segmentation method, and performance

evaluation, to improve lesion analysis and organ delineation for better di-

agnostic outcomes.

Deep learning is extensively employed in medical image analysis, spanning

a range of anatomical areas such as the brain, eye, chest, digital pathology,

microscopy, breast, cardiac, abdomen, and musculoskeletal regions. The

applications of deep learning encompass tasks like image registration, clas-

sification, detection, and segmentation [Litjens et al., 2017]. Convolutional

Neural Networks (CNN) stand out as one of the most effective and popu-

lar models in the realm of deep learning. Typically, CNNs are composed

of three distinct types of layers: 1) convolutional layers, which utilise a

set of weights, known as a kernel or filter, to convolve across the image

and extract features; 2) nonlinear layers, where an activation function is

applied to the feature maps, enabling the modeling of complex nonlinear

relationships; and 3) pooling layers, which simplify the feature map by

summarising small areas with statistical data like the average or maximum

value [LeCun et al., 1998]. The connections between neurons in these layers

are local, meaning each neuron is influenced by inputs from a nearby area,

referred to as the receptive field, from the preceding layer. By organising

these layers into a hierarchy, CNNs can learn to recognise features from

progressively larger areas of an image. A key benefit of CNNs is their ef-

ficient use of parameters, achieved by sharing weights across all receptive

fields within a layer [Minaee et al., 2021], which reduces the total number

of parameters compared to fully-connected networks. In this way, Deep
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1.1. THE REAL-WORLD DATA AND CHALLENGES OF DCNNS IN
MEDICAL IMAGE SEGMENTATION

Convolutional Neural Networks (DCNN) are well suited to working with

image data, and so are increasingly popular in medical imaging.

1.1 The Real-World Data and Challenges of

DCNNs in Medical Image Segmentation

Medical image segmentation using DCNNs holds immense potential, but

faces multifaceted challenges. Achieving precision is important since seg-

mentation targets pixel or voxel levels of accuracy; however, medical image

boundaries can be difficult to identify. This intricacy is further complicated

by rigorous preprocessing demands and frequent model parameter adjust-

ments to ensure satisfactory accuracy. Complicating the landscape fur-

ther, there is inconsistency in medical imaging equipment standards. The

varying performance of CT and MRI machines can necessitate situation-

specific deep-learning models [Yin et al., 2022]. Moreover, the sample size

disparity between negative and positive sample regions can negatively af-

fect segmentation accuracy. Despite the need for interpretable DCNNs,

which can provide justification or confidence of their predictions in medical

imaging, current models often lack clarity. Ensuring that medical profes-

sionals can comprehend, trust, and consequently utilise these technologies

requires models to yield segmentation results that balance interpretability,

reliability, and accuracy [Yin et al., 2022].

On the innovation front, fully automated segmentation via deep neural

networks is of undeniable value. Still, it grapples with obstacles such

as class imbalances, noise interferences, and the serious implications of

missed detections [Wang et al., 2022]. Avenues for research include the

design of network architectures accentuating encoder-decoder structures,
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1.1. THE REAL-WORLD DATA AND CHALLENGES OF DCNNS IN
MEDICAL IMAGE SEGMENTATION

combined by skip connections, and task-centric feature extraction. Adopt-

ing bespoke loss functions becomes vital given medical imaging’s unique

challenges. Transfer learning, built on pre-trained models, emerges as a

potential remedy for noisy or sub-optimally labeled medical datasets. Ad-

ditionally, interactive segmentation utilities anchored in deep learning can

optimise both the efficacy and precision of user inputs [Wang et al., 2022].

Interpretability in clinical decision-making is paramount for physicians to

trust Machine Learning (ML) predictions, particularly in disease diagno-

sis. Interpretable ML provides insights into domain-specific problems by

extracting relevant data-based knowledge. Interpretation methods fall into

two categories: model-based and posthoc interpretability. The model-based

methods constrain the model to offer insightful information on learned re-

lationships. The latter method delves into the relationships a model has

learned, evidenced by studies evaluating feature importance scores. An-

other crucial aspect is Uncertainty Quantification, which gives a confidence

measure to model predictions, acting as a form of posthoc interpretability.

Recent works have focused on quantifying uncertainty in deep learning

applications for medical imaging, such as lesion detection and disease clas-

sification. There is also growing interest in considering label uncertainty

during network architecture design and training [Zhou et al., 2021].

Deep learning has significantly improved the accuracy of medical image seg-

mentation due to its capability to handle complex scenarios. However, it

requires a large number of labelled samples for training. Obtaining such ex-

tensive datasets for medical imaging is not easy, and labelling new images is

both expensive and time-intensive. To overcome this, various methods have

been explored. These include data augmentation, which involves expand-

ing the training dataset by artificially modifying images; transfer learning,

which uses models from related domains; and patch-wise training, which
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1.2. PROPOSED SOLUTION

splits images into smaller sections. Another important approach is weakly

supervised learning, which is particularly beneficial when there is limited

or poorly labeled data, utilising various forms of weak annotations such

as image-level labels, sparse points, scribbles, and bounding boxes. These

approaches have shown promise in training effective models, even without

strong annotations.

1.2 Proposed Solution

This thesis aims to address the above-discussed two fundamental challenges

in deep medical image segmentation: 1) the output reliability and inter-

pretability problem, and 2) the strong annotation scarcity problem. We

do this by exploring tailored loss functions for deep medical image seg-

mentation. To this end, the following section presents a brief summary for

the reader of the strategic utilisation of our proposed tailored loss func-

tions, towards tackling these challenges for various medical datasets and

the application of some of our proposed methods, on a specific challenging

domain:

Uncertainty-Aware Loss Function for Fully Supervised Medical

Image Segmentation: The aim was to improve the interpretability of

uncertainty estimation in the context of medical image segmentation, a task

complicated by the nature of the data and inherent uncertainties within it.

This thesis explored the use of Bayesian Deep Convolutional Neural Net-

works, emphasising the development of specific loss functions designed to

handle uncertainty more effectively. These included the epistemic uncer-

tainty attention map on cross-entropy loss, an error feedback weight map

on cross-entropy loss, and combinations of these with aleatoric loss as a
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regularisation term.

Our research underscored the importance of integrating tailored uncer-

tainty management strategies into medical diagnostics. It demonstrated

that different loss functions manage uncertainty in diverse ways, influenc-

ing the accuracy and consistency of the interpretations derived from un-

certainty maps. This careful approach to managing uncertainty is crucial

for the advancement of medical diagnostics, aiming to enhance the relia-

bility of automated systems and, consequently, improve patient care and

treatment outcomes.

Uncertainty-Guided and Spatially-ConstrainedWeakly Supervised

Deep Medical Image Segmentation: The objective of this work was

development and evaluation of a new method for segmenting skin lesions in

images using only bounding box annotation for training data. The method

employs a unique combination of techniques to improve the accuracy of seg-

mentation. It introduces a customised loss function that incorporates both

a weighted cross entropy, by uncertainty estimation, and a regularisation

term based on Conditional Random Fields (CRF) to enhance segmentation

based on the image’s details, beyond just the initial rough annotations.

MS Lesion Segmentation Case Study: The objective of this case

study was to present the complexities of MS lesion segmentation, specifi-

cally focusing on the challenges posed by the intricate nature of MS. The

case study is focused on how variations in image acquisition methods and

the design of tailored loss functions can play a pivotal role in addressing

these challenges, particularly when dealing with data that deviates from

what the model has previously encountered. To investigate this, we explore

the novel application of tailored loss function models on in-house acquired,
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and highly challenging MS datasets.

Part of the case study explores the impact of preprocessing techniques on

the segmentation of brain tissue from MRI images, emphasising that the

choice of preprocessing pipeline can greatly affect the segmentation results.

This case study further compares the effectiveness of the loss functions

in improving segmentation accuracy specifically for the unseen data ac-

quired from different scanners and across different sites. The proposed

loss functions showed comparable performance to methods that focused on

customising the architecture of the DCNN, highlighting the importance of

selecting the right loss function.

1.3 Thesis Structure

The thesis outline is as follows:

• Chapter 2 provides a background of medical imaging and specifically

focusing on medical image segmentation, alongside the deep convolu-

tional neural networks employed in the realm of medical image seg-

mentation. This chapter further discusses the particular challenges

of medical imaging, and precision of annotations in this field. Fi-

nally, the chapter discusses the crucial role of loss functions in the

performance of convolutional neural networks in medical image seg-

mentation.

• Chapter 3 presents an uncertainty-guided DCNN segmentation method.

This chapter proposes uncertainty-aware loss functions and evaluates

the interpretation of the uncertainty estimation measures at test-time

when the model is trained with this uncertainty-aware loss.
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• Chapter 4 introduces a novel loss function for weakly supervised

medical image segmentation methods using spatial contraints and

uncertainty-aware methods during training. The proposed model

used bounding box annotations as ground truth.

• Chapter 5 first reviews standard techniques in segmentation of mul-

tiple sclerosis lesions in MRI images. This chapter also covers the

challenges of MS data and examines the impact of preprocessing tech-

niques. Finally, this work evaluates the performance of the proposed

fully supervised segmentation solutions on MS lesion segmentation as

a particularly challenging case study.

• Chapter 6 concludes this thesis and provides a summary of the main

contributions in the realm of medical image segmentation, model pre-

diction reliability and weakly supervised medical image segmentation.

1.4 Publications

Golnar Khalili Zadeh Mahani, Xin Chen, Nikolaos Evangelou, Stama-

tios Sotiropolous, Paul S. Morgan, Andrew P. French Uncertainty Map In-

terpretations in Medical Image Segmentation, [Manuscript in preparation],

(Extacted from Chapter 3).

Golnar Khalili Zadeh Mahani, Ruizhe Li, Nikolaos Evangelou, Stama-

tios Sotiropolous, Paul S. Morgan, Andrew P. French, Xin Chen Bounding

box based weakly supervised deep convolutional neural network for medical

image segmentation using an uncertainty guided and spatially constrained

loss, 2022 IEEE 19th International Symposium on Biomedical Imaging

(ISBI) [10.1109/ISBI52829.2022.9761558], (Extacted from Chapter 4).
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Chapter 2

Background and Motivation

2.1 Medical Imaging and Segmentation

Precise investigation and diagnosis are undeniably vital in the management

of all medical conditions. Medical imaging, which involves creating visual

representations of various tissues and organs within the human body, plays

a crucial role in monitoring both normal and abnormal anatomical and

physiological aspects of the body [Flower, 2012, Hussain et al., 2022].

Tracing the roots and evolution of medical imaging, and the complexities

and nuances involved in distinguishing the truly groundbreaking innova-

tions from the multitude of advancements in the field is challenging. Sig-

nificant milestones in the development of medical imaging happened from

1895 to 1987. No major new imaging modalities have been introduced

post-1988. This does not mean progress stopped, but rather that the foun-

dational modalities had already been established by that time, with subse-

quent advancements being in the realm of technological details, uses, and

applications [Flower, 2012].
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From the sole use of planar X-Ray imaging in the early 20th century, the

field has expanded to include advanced multidimensional imaging modali-

ties such as CT, MRI, single photon emission computed tomography (SPECT),

PET, and ultrasound. These modern techniques rely heavily on high-speed

electronics and sophisticated computer technology for data acquisition, im-

age reconstruction, and display. They allow for the visualisation of hidden

diagnostic features which are hard or impossible to see with traditional

planar methods, and these features can also be quantified and analysed to

aid in diagnosis and treatment evaluation. While planar imaging methods,

such as chest X-Rays and mammograms still hold clinical significance due

to their cost-effectiveness and reliability, the multidimensional visualisa-

tion offered by newer methods delivers unparalleled clinical information,

especially in critical applications [Dhawan, 2011].

Medical imaging encompasses a systematic five-step paradigm that begins

with understanding the physiology of the object and its imaging medium.

This understanding is crucial for selecting the appropriate imaging instru-

ments and designing image processing techniques for accurate interpreta-

tion. This involves considering both static and dynamic properties of the

biological tissue, such as tissue density or blood flow. The next step is

understanding the physics of imaging, where the principle of data acqui-

sition varies, such as the difference between X-Ray and MRI modalities.

The third step involves the imaging instrumentation, where the quality

of images relies on factors like signal-to-noise ratio, resolution, and arte-

fact removal. Data acquisition and image reconstruction, the fourth step,

emphasises optimising methods for the best spatial and temporal resolu-

tion, balancing between speed of acquisition and image detail, and employ-

ing suitable algorithms for image generation. Finally, the fifth step, im-

age analysis and its applications, seeks to enhance diagnostic information
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through various processing and analysis methods, supporting both manual

and computer-assisted interpretations crucial for diagnosis and treatment

monitoring [Dhawan, 2011].

2.1.1 From Pixels to Prognosis: Medical Imaging

In the realm of medical imaging, various techniques, such as transmis-

sion or nuclear resonance, can generate images of organs in both 2D and

3D formats, and even 4D format, which captures the dynamic changes in

3D organs over time. Despite the increasing complexity and sophistica-

tion of imaging methods, the fundamental principles governing how images

are formed remain consistent. These foundational principles are univer-

sally applied, bridging the gap from basic 2D optical imaging to advanced

multidimensional medical imaging systems.[Dhawan, 2011]. The essential

commonality among these approaches is their dependence on fundamental

principles of physics and optics, such as the interactions of light, sound,

or magnetic fields with tissues. Nevertheless, the main distinctions emerge

in the application and extension of these principles to attain the intended

dimensional depiction. In 2D imaging, the emphasis is on capturing or dis-

playing a 2D representation, whereas 3D and 4D imaging entail reconstruc-

tion algorithms and often necessitate incorporating temporal variations or

supplementary dimensional information.

Imaging modalities are generally divided into two categories: anatom-

ical (like X-Rays, ultrasound, and MRI) that differentiate bodily con-

stituents such as water, bone, and soft tissue; and functional (like Func-

tional Magnetic Resonance Imaging (fMRI), SPECT, and PET) that dis-

cern metabolism levels stemming from specific biochemical activities, possi-

bly induced by radio-pharmaceutical substances [Dhawan, 2011]. fMRI, for
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instance, is a technique that measures changes in blood flow and oxygena-

tion levels in the brain, effectively unveiling neural activity. This technology

has revolutionised our understanding of brain function and is particularly

valuable in studying cognitive processes [Logothetis, 2008]. On the other

hand, MRI T2 Fluid-Attenuated Inversion Recovery (T2 FLAIR) for exam-

ple, is a specialised magnetic resonance imaging sequence that suppresses

the signal from cerebrospinal fluid [Hajnal et al., 1992b], enhancing the

visualisation of lesions and abnormalities within the brain [Hajnal et al.,

1992a]. This technique is invaluable in diagnosing conditions such as mul-

tiple sclerosis and other neurological disorders by highlighting subtle struc-

tural changes in the brain.

Beyond generating various image modalities in medical imaging, the next

aspect of medical imaging is analysing the images. The main goal of

analysing these images is to enhance clinical research and treatment out-

comes. Deep learning has transformed this analysis, excelling in tasks such

as image registration, segmentation, feature identification, and categorisa-

tion. This transformation is primarily due to advanced computational ca-

pacities and the re-emergence of deep convolutional neural networks. Deep

learning models excel at identifying underlying patterns in images, help-

ing healthcare professionals make precise diagnoses. It has emerged as the

main tool for tasks such as organ mapping, identifying cancers, classifying

diseases, and aiding computer-driven diagnosis. Numerous deep learning

strategies have been introduced for various diagnostic applications in med-

ical imaging [Sistaninejhad et al., 2023].
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2.1.2 Medical Image Segmentation: Historical Per-

spective

Medical image segmentation is a vital process in enhancing the visibility of

anatomical or pathological structures, playing an indispensable role in nu-

merous clinical applications, particularly in computer-aided diagnosis and

smart medicine. By partitioning an image into distinct regions, it clus-

ters neighbouring pixels based on predefined similarity criteria related to

their features, categorising pixels to emphasise analogous areas [Despotović

et al., 2015]. This technique is extensively used in segmenting various or-

gans and abnormalities, such as the liver [Bilic et al., 2023], brain [Jyothi

and Singh, 2023], cells [Greenwald et al., 2022], lungs [Teixeira et al., 2021],

and heart [Chen et al., 2020a]. Its significance in radiological assessments

and diagnoses has led to the development of a multitude of segmentation

techniques, each with varying accuracy and complexity levels. Image seg-

mentation plays a vital role in medical tasks, where it assists in treatment

planning and ensures minimal damage to healthy tissue. Furthermore, it

aids in volumetric analysis which is crucial for diagnostics and clinical de-

cisions. Segmentation techniques have historically evolved from manual

methods to today’s more automated methods, aided by technological ad-

vancements [Trimpl et al., 2022]:

• Manual Contouring: Manual contouring involves clinicians manually

outlining specific regions on medical images to define various anatom-

ical structures or disease areas. This process entails segmenting the

image dataset slice by slice, demanding a considerable level of profi-

ciency and anatomical knowledge. The delineated contours serve mul-

tiple functions, including tumour volume calculation, radiation ther-

apy planning, and disease progression evaluation. Manual Contouring
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gives clinicians complete control but is tedious, time-consuming, and

subject to variability among different observers

• Interactive Segmentation: This bridges the gap between manual and

fully automatic methods. The approach requires user input but min-

imises it by leveraging predictions from prior user modifications. In-

teractive Segmentation methods offer more control and consistency

than fully manual methods, requiring fewer user interactions. The

user can either generate contours from scratch or refine the predicted

segmentations. However, the surge in interest towards fully auto-

matic methods has overshadowed interactive techniques, presenting

an opportunity for advancements in this domain.

• Fully Automatic Segmentation: With the progression in machine

learning, these approaches have become quicker and more consis-

tent. Recent advancements of these methods have led to delivering

outputs comparable in quality to manual procedures. Nonetheless,

they come with obstacles: they mostly require extensive, manually-

labelled data sets; encounter challenges owing to the inconsistency

of certain anatomical features; and are affected by the variation in

scanners and image acquisition protocols. Moreover, even with the

precision such models provide, they still require expert review of the

model output, due to the complexity of model architectures specifi-

cally DCNN models.

Image Segmentation involves dividing an image into distinct regions by

clustering neighbouring pixels based on a predefined similarity criterion

rooted in pixel properties or features. Essentially, it is a method of pixel

categorisation to highlight similar areas within an image. From this per-

spective, segmentation techniques can be categorised into three main types:
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edge-based methods that use edges to define object boundaries [Dhawan,

2011], pixel-based methods utilising image histogram statistics [Lee et al.,

1990, Mittal et al., 2021], and region-based methods [Adams and Bischof,

1994, Chang and Li, 1994] where pixels are grouped directly based on sim-

ilarity criteria.

The realm of medical image segmentation has seen significant progress

thanks to the introduction of diverse methods and techniques. The evo-

lution of deformable models [Xu et al., 2000], region growing [Adams and

Bischof, 1994], clustering [Coleman and Andrews, 1979], classifiers [Rohlf-

ing et al., 2004], Bayesian approaches [Chang et al., 2008], neural networks

[Moghaddam and Soltanian-Zadeh, 2011, Sultana et al., 2020], thresholding

[Mardia and Hainsworth, 1988], and other innovative strategies underscore

the notable advancements in this area.

2.2 Deep Learning in Medical Image Anal-

ysis

DCNNs have revolutionised the field of medical imaging, offering numerous

applications. Its potential for rapid and accurate image analysis can espe-

cially benefit diagnosis and treatment in various clinical areas. While tra-

ditional MRI analysis is time-consuming, requiring hours to analyse scans,

DCNNs can streamline this process, optimising the arrangement of billions

of voxels and accelerating image processing for radiologists. Additionally,

DCNNs can enhance image segmentation, a crucial step that identifies tis-

sue types. A trained DCNN can provide this segmentation quickly and

efficiently, and tools like 2D and 3D DCNNs can predict segmentation

maps either slice-by-slice or using volumetric data [Prabha et al., 2022].
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DCNNs applications encompass tasks such as image registration, classifica-

tion, localisation, and segmentation, as highlighted in the survey by [Litjens

et al., 2017]. In this section, we briefly explain some of these applications.

Medical Image Registration In medical image analysis, registration

[Wu et al., 2013, Yang et al., 2016, Simonovsky et al., 2016, Cheng et al.,

2018], or spatial alignment, is a routine task that involves determining a

coordinate transformation from one image to another. The most common

approaches in the state-of-the-art are: (1) employing deep learning net-

works to estimate the similarity between two images, facilitating an itera-

tive optimisation process, and (2) directly forecasting the transformation

parameters through deep regression networks.

Medical Image Classification Deep learning first made significant strides

in medical image analysis through image classification [Brosch et al., 2013,

Menegola et al., 2016, Kawahara et al., 2017]. Here, one or multiple im-

ages serve as input to determine a singular diagnostic outcome. Lesion

classification [Kawahara and Hamarneh, 2016, Nie et al., 2016, Xu et al.,

2014] in medical imaging typically concentrates on categorising a specific,

pre-identified section of the image into multiple categories. Achieving ac-

curate classification often necessitates both local data about the lesion’s

appearance and broader contextual information about its position.

Medical Image Localisation Another application of DCNNs are in or-

gan, region and landmark localisation [Kumar et al., 2016, De Vos et al.,

2016]. Identifying the location of anatomical objects [Lo et al., 1995, Ter-

amoto et al., 2016], whether spatially or temporally, such as organs or

landmarks, is crucial for pre-processing in segmentation or during the clin-
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ical process for therapeutic planning and intervention. Identifying objects

or lesions in images plays a pivotal role in diagnosis and often demands

significant effort from clinicians. These tasks generally involve pinpointing

and recognising tiny lesions within the entirety of an image.

Medical Image segmentation Segmenting organs and other structures

in medical images facilitates quantitative evaluations of clinical attributes,

such as volume and shape. This segmentation often serves as a foundational

step in computer-aided detection processes [Prabha et al., 2022, Litjens

et al., 2017]. As image segmentation is the main focus of this thesis, we

discuss this topic further in the following sections.

2.3 Deep Learning for Medical Image Seg-

mentation

To assist clinicians in precise diagnoses, it is vital to segment essential

objects in medical images and derive features from these segmented ar-

eas. Essentially, segmentation involves identifying the voxels/pixels that

form the contour or inside of the target object. Deep learning applications

in medical imaging frequently address segmentation, leading to a diverse

range of methods, including the creation of distinct CNN-based architec-

tures [Litjens et al., 2017]. CNNs are a category of deep learning models

specifically designed for handling data with a grid-like structure, such as

images. CNNs excel at learning spatial feature hierarchies, transitioning

from simple to complex patterns.

CNNs primarily consist of a series of layers that each perform specific op-

erations on the input data to extract features and ultimately perform tasks
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such as classification, detection, or segmentation. The main types of lay-

ers found in CNNs for segmentation are Convolutional Layers, Activation

Layers, Downsampling Layers, Upsampling Layers, Normalisation Layers,

and Dropout Layers.

The core building blocks of a CNN, convolutional layers apply a set of

learnable filters (or kernels) to the input. These filters slide across the input

image dimensions to produce feature maps, capturing local dependencies

and patterns such as edges, textures, or more complex shapes in higher

layers. The convolution operation helps preserve the spatial relationship

between pixels. Following the convolutional layers, activation functions

are applied to introduce non-linearities into the model, allowing it to learn

more complex patterns. Downsampling layers reduce the spatial size of

the feature maps, making the model more computationally efficient and

robust to variations in the input. Upsampling Layers are used to increase

the spatial dimensions of feature maps, allowing the network to construct

a detailed, high-resolution segmentation map. Normalisation Layers are

commonly used in CNNs to stabilise and accelerate training. Dropout Lay-

ers are used as a regularisation technique to prevent overfitting by dropping

a set proportion of neurons in the network during training.

CNNs have become the focal point of research in image processing and

computer vision due to their capability to hierarchically represent image

features. Given their resilience to factors such as image noise, blur, and

contrast, CNNs have consistently delivered better segmentation outcomes

for medical imagery [Wang et al., 2022].
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2.3.1 Evolving Techniques

In medical image segmentation, modern architectures largely adopt encoder-

decoder networks. Consider the encoder-decoder network depicted in Fig-

ure 2.1. The encoder role is to transform an input signal (such as an image)

into a set of features, which are essentially a more compact and abstract

representation of the original input. This process involves several layers

that progressively compress the input data and extract key features. The

decoder then takes these compressed features and reconstructs the output,

which often resembles the input but may be modified in terms of resolution

or additional details.

The architecture is symmetric, meaning the encoder and decoder have the

same number of layers. Each encoder layer reduces the data dimensional-

ity through operations like convolution (to convolve across the image and

extract features) and pooling (to summarise data). After these operations,

the data is passed through an activation function, which enables the mod-

eling of complex nonlinear relationships. Conversely, each decoder layer

increases the data dimensionality by applying unpooling (which restores

data size) followed by convolution, thereby reconstructing the data to its

original or a modified form. This symmetry ensures that the transforma-

tions applied by the encoder are effectively reversed by the decoder [Ye and

Sung, 2019].

Skip connections are a key feature in these networks. They allow the output

from an encoder layer to bypass intermediate layers and connect directly

to the corresponding layer in the decoder. This approach helps preserve

important details that might otherwise be lost during the encoding pro-

cess. By combining the skipped information with the decoder’s output,

the network maintains important details and produces a more accurate
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reconstruction [Ronneberger et al., 2015]. For a detailed mathematical ex-

planation of the encoder-decoder networks with skip connection, the reader

is referred to [Ye and Sung, 2019].

Rm0 Rm1 Rm2 Rmk-1 Rm2 Rm1 Rm0

q1 qk-1 q2q0 q1 q0

. . .

Rmk-1 Rmk

q2 qk-1 qk

. . .

convolution pooling unpooling

Figure 2.1: The architecture of a K-layer encoder-decoder CNN with skip
connections.

One of the significant advancements in image segmentation from the med-

ical imaging field was the development of the U-Net [Ronneberger et al.,

2015] architecture that transformed the Fully Convolutional Networks into

a U-type architecture combining both low- and high-level features through

skip-connections [Salpea et al., 2022]. This architecture is essentially an

encoder-decoder convolutional network with skip connections. Initially

used for cell segmentation in light microscopy images, U-Net has demon-

strated its capability to consistently and effectively learn relevant features

across various medical image segmentation challenges [Zhou et al., 2021].

Subsequent innovations, such as the 3D U-Net [Çiçek et al., 2016] variant,

VNet [Abdollahi et al., 2020], attention gate models [Oktay et al., 2018],

and the CE-Net [Gu et al., 2019], Residual links [Ibtehaz and Rahman,

2020, He et al., 2016a], ResUnet [Zhang et al., 2018], further refined the

capabilities of the base U-Net model.

The 3D U-Net architecture was proposed in [Çiçek et al., 2016], designed

for volumetric image segmentation, to work with sparse annotations. The

study provides two primary use cases: in a semi-automated scenario, users
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annotate a few slices of a volume, and the network uses these annotations

to generate a full 3D segmentation; in a fully-automated setup, the net-

work is trained on a sparsely annotated dataset to segment new volumes

without additional annotations. The 3D U-Net extends the traditional 2D

U-Net by incorporating 3D operations such as convolutions and pooling, to

handle volumetric data. The network’s performance was evaluated on the

complex Xenopus kidney dataset, showing promising results for both semi-

automated and fully-automated segmentation tasks. The study demon-

strates that this approach is effective for learning from minimal annotated

data and can be broadly applied to various biomedical imaging problems

[Çiçek et al., 2016].

Attention U-Net proposed in [Oktay et al., 2018], is an enhancement of

the standard U-Net architecture designed for medical image segmentation,

particularly in handling structures with variable shapes and sizes. The core

innovation is the integration of attention gates, which enable the model to

focus on relevant regions of an image while suppressing irrelevant areas.

This is achieved through a gating mechanism that applies attention coef-

ficients to feature maps, selectively highlighting important features while

minimising background noise. In the Attention U-Net architecture, atten-

tion gates are incorporated into the skip connections between the encoder

and decoder paths. These gates refine feature maps by filtering out less

relevant information before the concatenation step, thus improving the

precision of segmentation results. The attention gates use a grid-based

approach to generate attention coefficients specific to local regions, which

contrasts with the global approach in previous models [Oktay et al., 2018].

This modification enhances the model’s ability to accurately segment small

and variably-shaped structures without needing separate localisation mod-

ules. The Attention U-Net was tested on two large CT abdominal datasets,

21



2.3. DEEP LEARNING FOR MEDICAL IMAGE SEGMENTATION

demonstrating improved segmentation performance over the standard U-

Net while maintaining computational efficiency [Oktay et al., 2018].

The ResUnet architecture was proposed for road extraction from aerial im-

ages [Zhang et al., 2018]. The architecture integrates the strengths of both

residual learning and U-Net by replacing the standard convolutional units

in U-Net with residual units to ease training and improve performance.

The ResUnet architecture mirrors U-Net design with residual units that

consist of a sequence of convolutional layers with batch normalisation and

Rectified Linear Unit (ReLU) activations, along with identity mappings to

facilitate better gradient flow and prevent degradation issues. The ResUnet

includes three key components: encoding, bridging, and decoding. In the

encoding path, residual units with strided convolutions reduce the feature

map size while preserving crucial information. The bridging path connects

the encoding and decoding stages, maintaining the features learned. In the

decoding path, residual units are combined with up-sampled features from

the encoding path through concatenation, enhancing the resolution and

accuracy of the final segmentation map. ResUnet uses fewer parameters

and eliminates the need for cropping, resulting in efficient processing with

improved performance over U-Net and other methods [Zhang et al., 2018].

The CE-Net [Gu et al., 2019], introduces a novel approach for medical image

segmentation that builds on the U-Net architecture to better preserve spa-

tial information and capture high-level features. CE-Net comprises three

main components: the feature encoder module, context extractor mod-

ule, and feature decoder module. The feature encoder utilises a pretrained

ResNet-34 [He et al., 2016a] block to improve feature extraction and net-

work convergence. The context extractor includes a Dense Atrous Convo-

lution (DAC) block and Residual Multi-Kernel Pooling (RMP) block [He

et al., 2015]. The DAC block uses atrous convolutions [Chen et al., 2017]
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with varying rates to capture features at different scales, enhancing the

network ability to detect objects of various sizes. The RMP block employs

multiple pooling kernels to gather contextual information from different

scales and dimensions. The feature decoder module uses transposed convo-

lutions and skip connections to restore high-resolution details and produce

accurate segmentation masks. CE-Net demonstrated superior performance

in various medical image segmentation tasks compared to traditional U-Net

methods.

The VNet architecture was introduced as a deep convolutional neural net-

work designed to improve road extraction from high-resolution remote sens-

ing images [Abdollahi et al., 2020]. VNet modifies the traditional U-Net

architecture by incorporating a dual-loss function, the cross-entropy-dice-

loss, to handle class imbalance and enhance segmentation accuracy. The

VNet architecture is composed of two main parts: a compression path and

a decompression path. The compression path reduces the spatial resolution

through successive convolutional layers, where each phase includes residual

connections that add the input of each phase to its final convolution output

to ensure convergence. Unlike U-Net, VNet replaces max-pooling with con-

volutional layers to halve the feature map sizes, thereby maintaining higher

resolution and better contextual information. The decompression path, on

the other hand, progressively restores the original resolution of the feature

maps using deconvolution operations followed by convolution layers, with

the final layer applying a sigmoid function for probabilistic segmentation.

This approach retains detailed information from the compression phase and

improves segmentation performance [Abdollahi et al., 2020].

The MultiResUnet was proposed as an enhanced version of the classi-

cal U-Net architecture designed to improve performance in medical image

segmentation, particularly in challenging scenarios [Ibtehaz and Rahman,
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2020]. The U-Net architecture, known for its symmetrical encoder-decoder

structure with skip connections, was effective but showed limitations when

dealing with variations in object scales and discrepancies between encoder

and decoder feature maps. To address these, MultiResUnet incorporated

MultiRes blocks and Res paths [Ibtehaz and Rahman, 2020]. MultiRes

blocks replace standard convolutional layers with a combination of 3×3,

5×5, and 7×7 convolutions, factorised to reduce memory usage while cap-

turing multi-scale features more effectively. This block enhances the net-

work ability to process features at various scales without excessive memory

demands. Additionally, Res paths are introduced to bridge the semantic

gap between encoder and decoder features by applying convolutional lay-

ers with residual connections along the skip paths, aligning features more

closely and improving learning efficiency. The proposed MultiResUnet

demonstrated better performance across multiple medical image datasets,

particularly in complex or noisy images, achieving significant improvements

over the original U-Net [Ibtehaz and Rahman, 2020].

Later versions of U-Net, such as U-Net++ [Zhou et al., 2018] and U-Net 3+

[Huang et al., 2020], and the nnU-Net [Isensee et al., 2018], and TransU-Net

frameworks [Chen et al., 2021], have been developed to enhance accuracy

and computational efficiency.

UNet++ [Zhou et al., 2018], was proposed as an architecture for medical

image segmentation that enhances the U-Net model through redesigned

skip pathways and deep supervision. Unlike U-Net, UNet++ incorporates

nested, dense skip connections between the encoder and decoder networks.

These skip pathways consist of dense convolution blocks that iteratively

refine feature maps before they are merged with the decoder’s features,

thereby minimising the semantic gap between encoder and decoder outputs.

This approach ensures that the feature maps from both networks are more
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semantically aligned, making the optimisation process more manageable

[Zhou et al., 2018]. Additionally, UNet++ employs deep supervision, which

involves supervising the network at multiple levels of the architecture. This

provides finer-grained learning signals and improves segmentation accuracy.

In practice, UNet++ achieved significant performance gains over both U-

Net in various medical imaging tasks, including nodule, nuclei, liver, and

polyp segmentation [Zhou et al., 2018].

The nnU-Net framework, designed as a self-adapting version of the classic

U-Net architecture, simplifies and automates the process of medical image

segmentation [Isensee et al., 2018]. The nnU-Net uses the core principles

of U-Net, including its encoder-decoder structure with skip connections,

but enhances its adaptability and performance across various datasets by

focusing on automatic adjustments. The nnU-Net consists of three pri-

mary models: a 2D U-Net for 2D images, a 3D U-Net for volumetric data,

and a U-Net Cascade that refines low-resolution segmentations from a 3D

U-Net. This framework dynamically adapts to different image geometries

and dataset sizes through automatic tuning of network configurations, pre-

processing, and training parameters. The nnU-Net automatically handles

preprocessing (such as normalisation, resampling), training (such as loss

functions, data augmentation), inference (such as patch-based strategy and

ensembling across test time augmentations and models) and a potential

post-processing (the nnU-Net evaluation has shown automated, robust pre-

processing and training strategies can significantly enhance segmentation

performance without relying on elaborate network modifications) [[Isensee

et al., 2018]].

The UNet 3+ architecture [Huang et al., 2020] extends the U-Net and

U-Net++ designs by utilising full-scale skip connections that link feature

maps from different scales, allowing the network to combine fine-grained
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details with high-level semantic information. Each decoder layer in UNet

3+ receives both smaller- and same-scale features from the encoder, and

incorporates larger-scale features from within the decoder itself, improv-

ing the capture of position and boundary details. This is complemented

by deep supervision, where side outputs from each decoder stage are su-

pervised by ground truth, and a hybrid loss function. Additionally, UNet

3+ includes a classification-guided module that predicts the presence of

organs in an image to reduce over-segmentation in non-organ areas. The

approach demonstrates significant improvements in segmentation accuracy

and computational efficiency on medical imaging datasets, surpassing pre-

vious methods in capturing detailed and accurate organ boundaries [Huang

et al., 2020].

TransUNet [Chen et al., 2021] introduces a novel approach for medical im-

age segmentation by integrating Transformers [Vaswani, 2017] with U-Net

architecture. This hybrid model leverages the strengths of both architec-

tures: Transformers provide robust global context through self-attention

mechanisms, while U-Net contributes precise localisation with detailed spa-

tial information. In TransUNet, the encoder uses a CNN to generate high-

resolution feature maps, which are then tokenized into patches for process-

ing by a Transformer. This combination allows the model to capture both

global and local features. The decoder employs a cascaded upsampler that

incrementally reconstructs high-resolution outputs from the encoded fea-

tures, preserving spatial details through multiple upsampling steps and skip

connections. This architecture enables TransUNet to overcome the limita-

tions of pure Transformers, which can struggle with localisation due to their

focus on global context. Empirical results show that TransUNet achieves

promising performance in various medical image segmentation tasks, out-

performing traditional CNN-based methods and other self-attention ap-
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proaches [Chen et al., 2021].

Network function blocks are pivotal in enhancing the capabilities of CNNs

for tasks such as medical image segmentation. Techniques like dense con-

nections and inception structures [Szegedy et al., 2014] enhance perfor-

mance by leveraging multi-scale convolution kernels without increasing the

network’s depth. Depth-wise separable convolutions, as seen in MobileNet

[Howard et al., 2017], are designed to minimise model size and memory

footprint without major performance trade-offs. Additionally, attention

mechanisms [Sun et al., 2020, Schlemper et al., 2019, Jetley et al., 2018]

which assign varied weights to input features based on their relevance, have

gained prominence for their efficacy in image segmentation tasks. All of

these refinements have contributed to improving feature representation and

boosting segmentation accuracy in CNNs [Wang et al., 2022].

The medical image segmentation field, despite benefiting from deep learn-

ing, grapples with several challenges. Dataset-related challenges encompass

limited annotated datasets, class imbalances, sparse annotations, inten-

sity inhomogeneities, and complexities in image texture. Addressing these,

solutions such as image augmentation [Shorten and Khoshgoftaar, 2019],

transfer learning [Weiss et al., 2016], and data synthesis are proposed. Re-

garding deep learning model challenges, remedies for these include dropout

[Srivastava et al., 2014] techniques, model simplification, batch normalisa-

tion [Ioffe and Szegedy, 2015], careful initialisation [Arpit et al., 2019], and

optimising parameters for computational efficiency [Malhotra et al., 2022].
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2.3.2 Medical Image Interpretation and Intricacies

The interpretation of medical images, particularly MRI, is a complex task

given the intricacy of delineating organs and lesions on a layer-by-layer

basis. While manual methods offer a degree of precision, they are labour-

intensive and prone to individual interpretation biases. In an attempt to

streamline the process and mitigate subjectivity, automatic segmentation

techniques have been introduced. However, these are not without their

challenges, as medical imaging presents diverse modalities and each pa-

tient’s anatomical variations can differ significantly, complicating the task

of achieving consistent and accurate segmentation. Thus, while techno-

logical advancements promise efficiency, there remains a need for further

refinement to fully address the complexities inherent in medical image seg-

mentation.

Medical imaging complexity presents unique challenges for deep learning

solutions. The field possesses diverse imaging modalities with increasing

pixel density, such as CT and MRI, which have achieved sub-millimeter

spatial resolution. However, these images often vary significantly due to

non-standardised acquisition protocols across different equipment, resulting

in the ”distribution drift” phenomenon. Although vast amounts of medical

imaging data exist, they are scattered across various hospitals and imaging

centres, making centralised open-source databases rare. Additionally, the

variety of diseases visualised in these images is vast, but they exhibit a

long-tailed distribution, meaning only a few diseases are common, while

many are rare. Labeling these images is both resource-intensive and prone

to inconsistencies, leading to noisy and sparse annotations. Furthermore,

in the labelled sets, the data are often imbalanced, with, for example,

tumour pixels being vastly outnumbered by normal tissue. Combining
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these intricacies with the array of medical imaging tasks, such as detection,

segmentation, and registration, results in a series of complex challenges to

address [Zhou et al., 2021].

2.4 Precision in Medical Data Annotation

Creating precise manual segmentation masks, known as strong annotations,

is time-consuming, especially for 3D images. To reduce the challenges as-

sociated with annotation, there has been a recent surge in research into

weakly-supervised semantic segmentation [Tajbakhsh et al., 2020], which

focuses on training segmentation models using various forms of weak anno-

tations, including image-level annotations [Wu et al., 2019], sparse anno-

tations including points [Kervadec et al., 2019, Qu et al., 2019], scribbles

[Can et al., 2018], and bounding boxes [Rajchl et al., 2016, Yang et al.,

2018, Kervadec et al., 2020]. Recent studies indicate that models can be

effectively trained using weak annotations, even in the absence of strong

ones [Lu et al., 2021].

Dealing with imprecise labels involves managing uncertainties or inaccura-

cies in segmentation mask edges, often found in medical imagery. These

inaccuracies can stem from unintentional mistakes by annotators or differ-

ences in opinions among specialists, especially when interpreting unclear

lesions. This noise can be simulated by modifying the vertices of polygons

representing the labels, leading to segmentation errors. Another source of

label noise is when the model uses its own predictions on unlabelled data,

known as pseudo annotations. If not addressed, such noise can hinder the

model’s performance. Strategies have been developed to address this, such

as a weighted cross entropy loss function [Mirikharaji et al., 2019], which
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controls each pixel’s contribution based on perceived annotation quality or

iterative mask refinement [Min et al., 2019], often used in semi-supervised

learning, wherein the model identifies noisy labels and reduces their impact

during training [Tajbakhsh et al., 2020]. While techniques for handling

noisy labels may either refine the noisy masks or leave them untouched, it

is essential that they adaptively determine which pixels contribute to the

loss, ensuring effective learning despite the noise [Tajbakhsh et al., 2020].

Learning with sparse labels refers to methodologies that deal with incom-

plete annotations, where only a portion of a 3D volume’s slices or a 2D

image’s pixels are labelled such as points, scribbles, and bounding boxes.

There are two predominant strategies [Tajbakhsh et al., 2020]: One is loss

with mask completion to artificially reconstruct incomplete ground truth

masks for training. For instance using active learning, and ranking non-

annotated slices via the Dice similarity coefficient [Zhang et al., 2019b], or

Grabcut [Rother et al., 2004] inspired methods to generate initial psuedo

masks [Rajchl et al., 2016, Cai et al., 2018]. The other strategy is to improve

the segmentation performance given sparse annotations without trying to

fill in the missing mask pixels. For instance only the labelled pixels con-

tribute to a weighted segmentation loss [Bokhorst et al., 2018] or using a

class-balanced cross entropy loss [Çiçek et al., 2016] where only the labelled

pixels contributed to loss.

2.4.1 Deep learning Confronting Inconsistencies

To effectively address the challenges of sparse and noisy labels in Deep

Learning, there is a growing emphasis on approaches that efficiently utilise

annotations. A number of learning methods have been utilised in the liter-

ature to address this problem, including transfer learning, domain adapta-
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tion, self-supervised learning, semi-supervised learning, and weakly super-

vised learning. Refer to [Zhou et al., 2021] for a comprehensive review of

the recent developments of these methods.

Inspired by the weakly supervised methods, I have dedicated Chapter 4 of

this thesis to delve deeper into the nuances of effectively segmenting medical

images while predominantly depending on bounding box annotations.

2.5 Crafting the Bespoke Loss Function

Loss functions serve a crucial role, especially in CNN-based segmentation

methodologies by quantifying the disparity between the predicted segmen-

tation and the actual ground truth. When constructing a CNN for seg-

mentation purposes, one of the key steps involves designing an appropriate

loss function. Throughout the training process, this loss function serves

as a guiding principle, facilitating the network’s acquisition of meaningful

predictions that closely align with the ground truth, as assessed by segmen-

tation metrics like the Dice similarity coefficient. Additionally, the choice

of loss function also governs how the network manages errors, such as false

positives and false negatives. In the realm of medical image segmentation

tasks, cross entropy and Dice loss have emerged as the most prevalent loss

functions [Ma et al., 2021].

In medical image segmentation, various loss functions have been utilised.

The cross-entropy loss, which computes the difference between the pre-

dicted and actual segmentation on a pixel-wise basis, is among the most

prevalent. Due to challenges with class imbalance, weighted cross-entropy

loss was introduced to adjust the value of positive and negative samples.

The Dice loss is another metric, focusing on the overlap between segmen-
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tation and ground truth. The Tversky Loss, a modified version of the Dice

loss, and the Generalised Dice Loss was also introduced to address the

class imbalance issues. Further enhancements include the boundary loss,

which minimises the distance between segmented and labelled boundaries,

and the exponential logarithmic loss, which combines focal loss and dice

loss to cater to class imbalances. The design of these loss functions, al-

though pivotal for improving segmentation results, remains task-specific,

necessitating careful analysis for optimal outcomes [Wang et al., 2022].

In their work, [Ma et al., 2021] systematically and comprehensively cate-

gorise loss functions for CNN-based segmentation into five distinct groups

based on their derivation to Distribution-based Loss, Region-based Loss,

Boundary-based Loss, Compound Loss functions, and tailored loss func-

tions 1:

Distribution-based loss functions aim to minimise dissimilarity between

two distributions, Cross Entropy and Focal loss being the most well known

ones of this category.

Region-based loss functions aim to minimise the mismatch or maximise

the overlap regions between ground truth and predicted segmentation. The

popular Dice loss is the best known representative of this class of loss

functions, followed by Jaccard loss, Tversky and focal Tversky loss.

Boundary-based loss, a relatively new type of loss function, aims to

minimise the distance between ground truth and predicted segmentation

and they normally are coupled with region-based loss function when being

used for training neural networks. Hausdorff Distance loss is the most

well-known one in this category.

1Refer to [Ma et al., 2021] for a comprehensive review and analysis of Distribution-
based Loss, Region-based Loss, Boundary-based Loss, Compound Loss functions.
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Compound loss functions are the (weighted) combination between the

loss functions, such as the combination of cross entropy and Dice loss or

the combination of Dice loss with focal loss.

Tailored loss functions, in contrast to the versatile, ready-to-use loss func-

tions suitable for a wide range of segmentation tasks, comprises loss func-

tions specifically crafted for unique segmentation challenges.

Chapters 3, 4, and 5 of this thesis revolve around this particular category,

with the majority of the thesis contributions dedicated to the development

of tailored loss functions. These efforts are aimed at addressing the chal-

lenges introduced in the introduction by crafting well-designed loss func-

tions.
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Chapter 3

Uncertainty Map

Interpretations in Medical

Image Segmentation

3.1 Context

Integrating uncertainty maps into medical image segmentation might pro-

vide valuable insights into the confidence of a model. However, the accu-

racy of these maps in conveying true uncertainty remains debatable. This

chapter explores the intricacies of interpreting uncertainty maps in medical

image segmentation, considering complicating factors such as lesion shape,

border irregularity, inconsistencies in acquisition methods, variance in le-

sion texture, and the presence of image artefacts. We design experiments to

study the interpretation of these maps and evaluate their reliability across

different datasets. The contributions in this chapter are as follows:

• An in-depth analysis of how image characteristics influence uncer-

34



3.2. INTRODUCTION

tainty map interpretation

• Assessment of the effect of the three proposed loss functions in un-

certainty interpretation at inference time

3.2 Introduction

Medical image segmentation plays a pivotal role in clinical diagnosis and

treatment. Deep learning models, often trained on datasets manually an-

notated by human experts, face challenges due to inherent variabilities and

subjective assessments. This introduces ambiguities in predictions. To

address this, techniques that combine deep learning methods with expert

insight are essential, fostering more reliable human-computer interactions

and enhancing decision support in clinical processes [Ching et al., 2018,

Jensen et al., 2019].

Uncertainty estimation in healthcare involves measuring and understand-

ing the inherent uncertainty or variability associated with medical predic-

tions, diagnoses, and treatment outcomes [Seoni et al., 2023]. Uncertainty

estimation is crucial to evaluate the reliability and effectiveness of deep

learning models, especially in the realm of medical image analysis. With

models often trained on large, yet noisy datasets, understanding the inher-

ent variabilities becomes paramount. Especially in medical imaging, where

decisions can have profound implications, understanding and quantifying

uncertainties is not just beneficial but essential.

While uncertainty estimation is utilised as a means to protect decision sup-

port systems from vulnerabilities in CNN models, especially when tackling

rare or challenging subjects [Ching et al., 2018, Bradshaw et al., 2017], its

reliability remains a concern. Before utilising uncertainty maps to protect
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against model vulnerabilities, their accuracy and interpretability must be

subjected to examination. This chapter delves into this very aspect, ex-

ploring how factors such as lesion shape, border irregularity, the presence of

image artefacts, variance in lesion texture, and acquisition methods might

influence these maps.

In this chapter, we delve into the intricacies of interpreting uncertainty

maps in medical image segmentation. We introduce novel uncertainty-

aware loss functions for training a fully supervised DCNN model, with a fo-

cus on the role of uncertainty estimation during training. A key aim of this

work is to investigate the potential influences of various image characteris-

tics on uncertainty map interpretation, and the impact of three proposed

tailored loss functions in refining uncertainty interpretation at inference

time.

3.3 Background

Over the past decade, DCNNs have experienced significant advancements,

leading to their integration into numerous research fields specifically in-

cluding medical imaging. While their potential in high-risk medical fields

is recognised, their deployment in practice remains limited. This limita-

tion is attributed to factors such as the lack of transparency of a DCNN

inference model, which makes it difficult to trust their outcomes, the in-

ability to distinguish between in-domain and out-of-domain samples and

the sensitivity to domain shifts, the inability to provide reliable uncertainty

estimates and frequently occurring overconfident predictions. These issues

often arise from inherent uncertainties in data or gaps in the knowledge

of neural network model. To harness the potential of DCNNs in medical
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applications, addressing these limitations necessitates the provision of ac-

curate uncertainty estimates, which can aid decision-making in high-risk

areas, especially where data sources are diverse or labelled data are sparse.

Recent research has shown growing interest in estimating uncertainty in

DCNNs, typically by distinguishing between uncertainties caused by the

model and those arising from the data. From data acquisition to devel-

oping a DCNN model and estimating uncertainty several potential factors

and errors can influence DCNN predictions, including the variability in

real world situations, the errors inherent to the measurement systems, the

architecture specification of the DCNN and the training setting and pa-

rameters (such as batch size, optimiser, learning rate, regularisation, and

weight initialisation) [Gawlikowski et al., 2023].

Techniques to estimate uncertainty in neural networks can be categorised

into Single Deterministic, Bayesian and Ensemble methods. Single De-

terministic methods utilise a single deterministic network and generate a

prediction from a singular forward pass or by introducing augmented input

data and generate several predictions from a singular pass [Gawlikowski

et al., 2023]. Uncertainty in this category is either measured through sup-

plementary techniques or directly predicted by the network itself. Bayesian

methods encompass all stochastic DCNNs, meaning that consecutive for-

ward passes with the same input might yield varying outcomes. In Ensem-

ble methods, predictions are derived by combining results from multiple

deterministic networks during inference [Gawlikowski et al., 2023]. For

a comprehensive survey on Single Deterministic and Ensemble methods,

readers are directed to references [Gawlikowski et al., 2023] and [Abdar

et al., 2021].

In this chapter, we focus on the interpretability of uncertainty estimation
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in Bayesian deep learning, specifically within the context of medical image

segmentation. Consequently, this section offers a detailed review of the

literature in the following topics: 1) main categories of Bayesian Neural

Networks (BNN), 2) types of uncertainty in Bayesian modeling specific to

medical image analysis, and 3) evaluating the trustworthiness of uncer-

tainty estimation techniques in Bayesian deep learning applied to medical

image analysis.

3.3.1 Bayesian Neural Networks

BNNs are a fusion of neural networks and Bayesian learning principles, rep-

resenting a shift from traditional Artificial Neural Network (ANN) meth-

ods. While ANNs, such as feedforward networks, are constructed with in-

put, hidden, and output layers to represent an arbitrary function y = U(x),

they traditionally focus on finding a point estimate of the network param-

eters using the backpropagation algorithm. This approach, often termed

Maximum Likelihood Estimation (MLE) or Maximum A Posteriori (MAP)

estimation when regularisation is applied, is straightforward with modern

tools, but tends to lack transparency. ANNs may not be able to accurately

predict outcomes when presented with data that are outside of their train-

ing distribution. Importantly, they are not able to indicate when they are

unsure of an unfamiliar input. [Jospin et al., 2022].

BNNs, on the other hand, offer a paradigm shift. Instead of seeking a sin-

gular value for each parameter, BNNs infer a probability distribution over

these parameters. This is achieved by computing the posterior distribution

over the parameters based on both training data and a prior distribution.

In this setup, each layer is not just a linear transformation followed by a

nonlinear activation function but has stochastic components introduced,
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either in the form of stochastic activations or stochastic weights. This in-

clusion of randomness effectively simulates multiple possible models with

their associated probability distributions, making BNNs a form of ensemble

learning.

How Do Bayesian Neural Networks Formulate Predictive Distri-

butions?

As we mentioned above in traditional learning, the objective is to identify

the optimal parameters of a model, usually by maximum-likelihood opti-

misation. Contrarily, in the Bayesian learning, after observing data D, the

learner discerns a posterior distribution p(w|D) over the model parameters

w. This distribution adheres to the Bayes rule:

p(w|D) ∝ p(D|w)p(w)

where p(D|w) is the likelihood of D for a model with parameters w, and

p(w) stands for the prior distribution over these parameters. The predictive

distribution for a new test input (x) is then calculated by the Bayesian

Model Average (BMA):

p(y|x,D) =

∫
p(y|x,w)p(w|D) dw,

with p(y|x,w) being the predictive distribution given a specific parameter

set w. In the Bayesian framework, the posterior over parameters of a

modern neural network can encapsulate multiple coherent solutions to a

given problem, representing different parameter configurations.
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However, the exact computation of the BMA integral in the above equa-

tion is infeasible for neural networks, necessitating approximate inference

techniques. The complexity of the approximation is due to the complex

and high-dimensional posterior p(w|D) [Izmailov et al., 2021].

Generally, classical training can be seen as a form of approximate Bayesian

inference, which uses the approximate posterior p(w|D) = δ(w = ŵ) to

calculate BMA. The Dirac delta function δ is zero everywhere except at

ŵ = argmaxw p(w|D). This results in the standard predictive distribu-

tion p(y, x|ŵ) [Wilson and Izmailov, 2020]. From this point of view, many

suboptimal solutions will be preferable, including Gaussian posterior ap-

proximations for p(w|D) even if the posterior or likelihood are actually

highly non-Gaussian and have multiple peaks. The distinction between a

classical and Bayesian approach is contingent upon the sharpness of the

posterior p(w|D). If the posterior is sharply peaked and the conditional

predictive distribution p(y|x,w) does not vary much in the areas where the

posterior has mass, then there may be little to no difference, as a delta

function may be a suitable approximation of the posterior for BMA [Wil-

son and Izmailov, 2020]. However, modern neural networks are usually

highly underspecified by available data and therefore have diffuse likeli-

hoods p(D|w), not strongly favouring any one setting of parameters. The

likelihoods being diffuse and the parameters having a variety of possible

settings, it is the ideal situation to use a Bayesian model average. This will

result in an ensemble of many different models that are all highly effective,

providing better calibration and accuracy than traditional training [Wilson

and Izmailov, 2020].

In essence, a BNN can be understood as any stochastic ANN trained us-

ing Bayesian inference. The key advantage of BNNs is their ability to

compute principled predictive uncertainty, which is invaluable in critical
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applications. However, this comes with computational challenges, as esti-

mating predictive uncertainty often requires tackling intractable integrals,

necessitating approximation techniques like Monte Carlo Approximation.

Beyond just uncertainty estimation, BNNs also open the door for powerful

Bayesian tools in deep learning, enabling advanced features like model se-

lection, compression, and active learning. BNNs can be divided into three

categories [Gawlikowski et al., 2023]:

Sampling Methods

Sampling methods, often known as Monte Carlo methods, represent uncer-

tainty without relying on a parametric model. Instead, they draw samples

from a distribution to obtain non-parametric representations of the prob-

ability distributions. Markov Chain Monte Carlo (MCMC) is a popular

method used with neural networks. The primary idea behind MCMC is to

sample from arbitrary distributions by transitioning in a state space, where

the transition is determined by a proposal distribution. Modern algorithms

aim to make these methods scalable by using mini-batch versions of these

methods, like Stochastic Gradient MCMC [Gawlikowski et al., 2023].

Laplacian Approximation

Laplace Approximation (LA) is a method that estimates the posterior dis-

tribution of neural network parameters by approximating it with a multi-

variate normal distribution centered around a local minimum of the loss

surface (which corresponds to a peak of the posterior distribution). Specif-

ically, LA builds a Gaussian approximation for the posterior around the

MAP estimation of network weights. This means the mode of the Gaus-

sian approximation is set to the mode of the posterior distribution and the
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curvature of the log probability density is matched at that location [Mur-

phy, 2012]. This approach relies on a second-order Taylor series expansion

of the log posterior around the MAP estimate, which involves evaluating

the first and second derivatives of the log-posterior.

One of the primary advantages of LA is that it offers post-hoc uncertainty

descriptions, allowing for insights into the model’s performance without the

need for re-training networks. The linearised LA method further enhances

this by enabling sampling-free Bayesian inference. However, a central chal-

lenge with LA, especially when applied to modern deep neural networks,

is the estimation of the Hessian matrix due to its large size. To over-

come this, various strategies and approximations for the Hessian have been

proposed. Despite these challenges, LA remains a versatile tool as it can

be applied post-training and is compatible with networks using standard

loss functions and activations. Recent advancements have further extended

the applicability of LA, allowing it to accommodate large data sets, com-

plex architectures, and real-time processing requirements [Gui et al., 2022,

Gawlikowski et al., 2023, Abdar et al., 2021].

Variational Inference

Variational Inference (VI) is a technique that approximates the posterior

distribution by optimising over a family of tractable distributions. The

main objective is to make the approximation close to the desired posterior

distribution. This closeness is measured using the Kullback-Leibler (KL)

divergence. Variational methods have been extended and adapted to work

efficiently with modern neural networks. VI has also been linked to existing

stochastic elements in deep learning, like dropout, resulting in methods

like Monte Carlo Dropout (MC-Dropout) [Gawlikowski et al., 2023, Abdar
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et al., 2021, Gal and Ghahramani, 2016].

Among the methods used for uncertainty estimation, MC-Dropout stands

out. It offers a computationally efficient way to estimate prediction un-

certainty by incorporating dropout, a technique that prevents overfitting

in neural networks. Despite the progress made, the main difficulty still

lies in determining whether the uncertainties are genuine reflections of the

model’s trustworthiness or simply the result of the technique used. In the

field of medical imaging, many studies have used MC-Dropout for tasks

such as segmentation [Abdar et al., 2021]. In this chapter, we focus on

studies that utilised dropout as a Bayesian approximation and explore how

various factors impact the interpretation of the resulting uncertainty esti-

mates.

3.3.2 The Epistemic and Aleatoric Uncertainty in Med-

ical Image Segmentation

Neural networks used for imaging are subject to a variety of factors, result-

ing in inherent uncertainty. These uncertainties are broadly classified into

two categories: data uncertainty, referred to as aleatoric uncertainty and

model uncertainty, commonly known as systemic or epistemic uncertainty.

In the subsequent sections, we will delve deeper into the complexities of

these two types of uncertainties, exploring their origins, implications, and

the common techniques developed to estimate them in medical image seg-

mentation. This deeper understanding is crucial, especially when consider-

ing the critical nature of medical image analysis and the need for reliable

interpretations.

From the perspective of knowledge representation and decision-making,

43



3.3. BACKGROUND

differentiating between these two types of uncertainty is important, partic-

ularly in situations where the final decision can be postponed. For instance,

a medical doctor who understands that their uncertainty regarding a pa-

tient’s illness stems from insufficient knowledge about the disease might

choose to review the medical literature or seek advice from a colleague

prior to making a decision [Senge et al., 2014].

The importance of accurately estimating uncertainty in deep neural net-

works cannot be overstated. Doing so is essential to address issues of confi-

dence, interpretability, and robustness [Papernot and McDaniel, 2018]. Es-

timating uncertainty can help differentiate between aleatoric and epistemic

uncertainties, increase trust in model predictions, and make the model more

resilient to adversarial examples by ensuring the outputs are both reliable

and interpretable.

Epistemic Uncertanity

Model uncertainty encapsulates the uncertainties attributed to limitations

or inadequacies in the model. This could be due to flaws in the training

process, an unsuitable model structure, or simply an insufficient number of

training data [Gawlikowski et al., 2023].

One of the most popular stochastic regularisation techniques for deep learn-

ing models is dropout [Gal, 2016]. Dropout is used to avoid over-fitting of

the network which can be interpreted as a form of approximate inference in

a probabilistic interpretation of the model [Gal and Ghahramani, 2016, Sri-

vastava et al., 2014]. When using the dropout as Bayesian approximation,

in their study, Gal et al. proposed that a neural network, irrespective of

its depth and nonlinearities, with dropout implemented before each weight

layer, is analogous to an approximation of the probabilistic deep Gaussian
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process [Gal and Ghahramani, 2016]. This finding holds true without any

oversimplifying assumptions about dropout layers use, ensuring its appli-

cability to any network architecture that employs dropout in real-world

scenarios. The core objective of dropout, in this context, is to reduce the

KL divergence [Kullback and Leibler, 1951] between a certain distribution

and the posterior of a deep Gaussian process. This allows us to model

the epistemic uncertainty using dropout. Predictive entropy can express

a measure of ignorance about the actual structure of the model capturing

the amount of information in the predictive distribution by:

H [y|x,D] = −
c−1∑
c=0

p (y = c|x,D) log (p (y = c|x,D)) (3.1)

where, H is the entropy of y given a sample image x and observed data

D (referring to the training set) [Gal and Ghahramani, 2016, Pal and Pal,

1989]. The expected value of p (y = c|x,D) is calculated by:

p (y = c|x,D) =

∫
p(y = c|x,w)p (w|D) dw (3.2)

where w is the model parameters and the expectation can then be approx-

imated with Monte Carlo estimation using the probability of x in class c

with model parameters as the following:

p (y = c|x,D) ≈ 1

M

M∑
m=1

p(y = c|x, ŵm) (3.3)

for which, in practice, the probability vector p is calculated by passing the

same input image x through the model M times [Gal, 2016], randomly drop-

ping regions of feature maps. Therefore, the predictive entropy H [y|x,D]

presents the epistemic uncertainty where the values range between 0 and

1. The higher the value of H [y|x,D], the more uncertain the prediction

will be. The obtained epistemic uncertainty maps are normally used at
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inference time in the literature.

Studies have been conducted to help experts better interpret predictions

using epistemic uncertainty [Jensen et al., 2019, Teye et al., 2018, Gal

and Ghahramani, 2016, DeVries and Taylor, 2018, Hu et al., 2019, Jungo

et al., 2018a, Kampffmeyer et al., 2016]. Other research has used epistemic

uncertainty to identify difficult [Jungo et al., 2018b] and adversarial sam-

ples [Feinman et al., 2017], suggesting further examination. Additionally,

epistemic uncertainty estimation has been used to guide semi-supervised

learning models [Yu et al., 2019, Sedai et al., 2019], especially when there

is a large number of unlabelled samples and a limited amount of labelled

data. These applications demonstrate the versatility and essential role of

epistemic uncertainty in improving the accuracy and effectiveness of deep

learning models.

Aleatoric Uncertainty

Data uncertainty arises directly from the data itself. It is the result of

inevitable information losses when translating real-world phenomena into

data samples. Aleatoric uncertainty is the variability in the outcome of an

experiment that is due to inherent random effects in the data. An example

of this type of uncertainty could be found in the coin flipping experiment;

the results generated by each experiment have a stochastic element, which

cannot be reduced by any additional source of information [Hüllermeier

and Waegeman, 2021]. Hence, considering the best model that represents

the coin flipping experiment could only give the possible probabilities of

the outcome of this experiment being head or tail.

In classification, data uncertainty might arise from samples that do not

provide sufficient clarity to confidently assign to a particular class. Such
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information loss can arise from the limitations of measurement tools, such

as image resolution limitations or from errors during data labeling [Gaw-

likowski et al., 2023].

In image segmentation, aleatoric uncertainty exhibits spatial correlation

and can be heteroscedastic, since certain regions of an image might exhibit

more uncertainty than others. An optimal model would portray the com-

bined probability distribution of labels for each pixel based on the image,

enabling the generation of various credible label configurations. Given that

collecting more data does not reduce aleatoric uncertainty, it is imperative

to explicitly model this uncertainty, especially in risk-sensitive applications

such as medical image segmentation for diagnostic purposes. Within the

domain of medical imaging, images often contain noise, and the bound-

aries between different tissue types might not always be clearly defined,

resulting in differences of opinion even among experts. The capability of

autonomously producing multiple credible hypotheses is invaluable, espe-

cially in fields such as radiotherapy, where decisions on which anatomical

regions to target for invasive procedures must be made. Furthermore, of-

fering confidence bounds in conjunction with tumour outlines would facili-

tate the incorporation of uncertainty in pivotal decision-making processes.

[Monteiro et al., 2020].

In machine learning, there are various sources of uncertainty. Data collec-

tion can cause aleatoric uncertainty, which happens when not all necessary

explanatory variables are included in the dataset [Papernot and McDaniel,

2018]. For example, if a dataset is used for segmenting medical images, such

as MRI scans, and the annotations are given as bounding boxes instead

of precise, pixel-level ground truths, aleatoric uncertainty is introduced.

These bounding box annotations are helpful, but they do not precisely

show the boundaries of areas like tumours, which can lead to variability in
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the model’s predictions.

In this context, it is essential to devise a system to estimate aleatoric un-

certainty, especially for medical professionals who depend on these models.

This system would give physicians an understanding of the inherent un-

certainty in the model’s predictions, which is especially important when

the training data are not accurately labelled. This knowledge allows physi-

cians to assess the dependability of the segmentation results and make

more informed decisions, particularly when high accuracy is necessary. Fur-

thermore, understanding the uncertainty can help them decide when extra

diagnostic information or tests might be needed. Additionally, from a de-

velopment standpoint, recognising areas of high aleatoric uncertainty can

direct efforts towards improving data collection, thus increasing the model’s

performance and trustworthiness in clinical settings.

In standard neural networks used for classification or regression, the final

layer outputs a probability distribution over the set of classes or a dis-

tribution over a point prediction [Hüllermeier and Waegeman, 2021]. This

captures aleatoric uncertainty, which is the uncertainty inherent in the data

due to randomness or noise. Several methods have been proposed in the

literature for estimating aleatoric uncertainty for DCNNs.

Depeweg et al. proposed an approach to estimating aleatoric uncertainty

that involves a Bayesian framework combined with latent variables. In this

method, the predictive distribution of a BNN for a target variable associ-

ated with a test data point is given by integrating over both the weights

and latent variables [Depeweg et al., 2018]. The key idea is to decompose

the total uncertainty into aleatoric and epistemic components. Aleatoric

uncertainty, in this context, originates from the randomness of the latent

variables and noise term, and it represents the uncertainty inherent in the
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data that cannot be reduced by collecting more data. This method quan-

tifies this uncertainty by considering the entropy or variance of the predic-

tive distribution. The aleatoric uncertainty is then specifically isolated by

computing the expectation of the entropy or variance under the model’s

posterior distribution over the weights, effectively separating it from the

epistemic uncertainty, which is associated with the model parameters.

In the method proposed by Kendall and Gal [Kendall and Gal, 2017],

aleatoric uncertainty is estimated in the context of Bayesian deep learning

for both regression and classification tasks. For regression, the approach

involves heteroscedastic regression, where the observation noise varies with

the input. This is achieved by modifying the loss function of a neural net-

work to learn the variance of the noise as a function of the input data. In

classification tasks, the method adapts by placing a Gaussian distribution

over the logits (the vector of raw predictions from a neural network before

the softmax layer) and learning the variance of this distribution [Kendall

and Gal, 2017]. The key aspect of their method is the direct modeling of

uncertainty within the data by learning the variance associated with the

model’s output. In both regression and classification, the approach focuses

on capturing aleatoric uncertainty by making the model’s output sensitive

to the inherent noise in the observations, thus providing a tailored approach

for handling uncertainty in different types of predictive tasks.

Jungo and Reyes used a method for estimating aleatoric uncertainty that

involves designing a neural network that outputs both the mean and vari-

ance of its predictions. This approach is structured around the concept

that the network, denoted as f , produces two outputs for each input x:

the mean of the logits x̂ and the variance σ2, which represents the aleatoric

uncertainty. The logits are assumed to be perturbed with Gaussian noise,

aligning with the concept of aleatoric uncertainty that accounts for the noise
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inherent in the observations. The training of this network involves opti-

mising a loss function that considers both the accuracy of the predictions

(mean) and the confidence or uncertainty associated with these predictions

(variance) [Jungo and Reyes, 2019]. Monte Carlo sampling is employed to

effectively estimate the aleatoric uncertainty, generating multiple samples

of the perturbed logits to approximate the expectation over the noise dis-

tribution. This model provides a direct and practical way to quantify the

uncertainty associated with each prediction made by the neural network.

The three methods for estimating aleatoric uncertainty vary in their ap-

proaches and suitability. Depeweg’s method is a comprehensive Bayesian-

based decomposition of uncertainty, Kendall’s method modifies neural net-

work loss functions to learn data-inherent noise variance, and the method

proposed in [Jungo and Reyes, 2019] is a straightforward, practical way

of directly measuring uncertainty in predictions. The best method to use

depends on factors such as the complexity of the model and the type of

data.

3.3.3 Factors Influencing Uncertainty Map Interpre-

tations

If we break down the sources of uncertainty affecting the predictions of a

neural network, the uncertainty of the model includes variability in real-

world situations, the architecture specification of the DCNN, the training

setting and parameters of the DCNN, and errors caused by unknown data,

while the uncertainty of the data pertains to error and noise in measure-

ment systems. Although one can potentially minimise model uncertainty

by refining the network architecture, optimising the learning process, or

enhancing the training dataset, data uncertainties are inherent and cannot
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be completely eliminated. It is essential for deep neural networks to handle

these uncertainties proficiently, particularly when they are used in mission-

critical or safety-sensitive real-world situations. [Gawlikowski et al., 2023].

Following the discussion on the sources of uncertainty, it is crucial to delve

into the specific factors that contribute to these uncertainties in medical

image segmentation.

Acquisition Methods

One such significant factor is the method of image acquisition. The choice

of imaging modality, whether MRI, CT, or ultrasound, along with spe-

cific acquisition parameters, plays a crucial role in determining the quality

and characteristics of captured images. For instance, MRI sequences with

different contrast mechanisms can vary in their ability to capture certain

pathologies, introducing aleatoric uncertainty due to inherent data vari-

ability. In Figure 3.1, we see a comparison of MS lesions as captured in

T2 FLAIR versus T1-weighted MRI sequences. T2 FLAIR is adept at

highlighting fluid-attenuated lesions, offering superior visibility of certain

types of MS lesions, while T1-weighted sequences provide detailed anatom-

ical information, which is crucial for understanding the lesion’s impact on

surrounding tissues.

Another example is the variations caused by different scanners used to col-

lect the data in the first place. Figure 3.2 depicts these differences. This

variability is a critical factor in medical segmentation challenges, as high-

lighted in recent studies. Poor contrast or other limitations inherent to

the acquisition process can lead to uncertainties that directly affect the

segmentation outcome. In light of these challenges, it becomes imperative

for segmentation models to not only adapt to the diverse range of data
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presented by different imaging techniques but also to incorporate robust

uncertainty estimation methods. These methods play a crucial role in cap-

turing and quantifying the nuances of data variability, thereby enabling

physicians to interpret the model outputs with a clearer understanding of

their underlying uncertainties. This approach is essential for enhancing the

trustworthiness and clinical utility of automated segmentation in medical

diagnostics.

T1-weighted Image with MS Lesions

T2-Flair Image with MS Lesions

S

S C

C

T1-weighted Image with Annotation Overlayed

T2-Flair Image with Annotation Overlayed

S C

S C

Figure 3.1: An example of MS Lesions in T2 FLAIR vs T1. Yellow arrows
show a typical pathology in MS patients (white matter lesion) and how the
lesion appears differently in T1 vs T2 FLAIR. T1 is excellent in showing
grey and white matter, while T2 FLAIR is suitable for suppressing fluid
signals and depicting tissue alteration such as white matter lesions hence
the hyperinstensity segments.

Image Quality

The quality of an image is determined by factors such as resolution, SNR,

and the presence of artefacts which can directly influence the performance

and reliability of segmentation algorithms. High-quality images may reduce

aleatoric uncertainty but could introduce epistemic uncertainty if the model

is not trained on such data:
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T1w with Annotation Overlayed
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T1w with MS Lesions T2Flair with Annotation Overlayed T2Flair with MS Lesions 

T1w with Annotation Overlayed T1w with MS Lesions T2Flair with Annotation Overlayed T2Flair with MS Lesions 

(a)

(b)

S C S C S C S C

Figure 3.2: (a) a patient with MS MRI images with T1w and T2Flair
sequences acquired on a 3T Achieva MR scanner (Philips Medical, Best,
The Netherlands) using a 32 channel head coil. (b) a patient with MS
MRI images with T1-weighted and T2 FLAIR sequences acquired on a 3T
MR750 scanner (GE Healthcare, Milwaukee, USA) using a 32 channel head
coil

The quality of medical images is largely dependent on their res-

olution. High-resolution images offer more precise details, allowing for

more accurate segmentation of fine structures. On the other hand, low-

resolution images may cause uncertainty in segmentation due to the lack of

detail, potentially missing small but clinically relevant features such as tiny

lesions or subtle anatomical differences. In [Yap et al., 2017] a compara-

tive analysis of two distinct breast lesion datasets (Dataset A and Dataset

B) is provided, highlighting variations in speckle noise, overall image qual-

ity, and lesion depiction. In this comparison, Dataset B stands out for its

reduced speckle noise, attributed to the advanced ultrasound acquisition

system employed. This system’s capability is further evident in the supe-

rior image quality of Dataset B, where the resolution surpasses that of the

older technology used in Dataset A. Such enhanced resolution in Dataset

B leads to more discernible anatomical structures, including ribs, pectoral

muscles, and parenchymal tissue. Lesions in Dataset B are depicted with

greater clarity, allowing for the visualisation of intricate internal structures

within fibroadenoma lesions. Figure 3.3 shows some of these high resolu-

tion images in Dataset B. This level of detail in Dataset B is crucial, as
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high-resolution images provide more precise information, enabling more ac-

curate segmentation of fine structures. Conversely, the lower resolution in

Dataset A might introduce uncertainty in segmentation, potentially over-

looking small yet clinically significant features. For a comprehensive com-

parison, including images from both datasets, readers are referred to the

original paper as Dataset A is not publicly accessible [Yap et al., 2017].

The contrast between the datasets underscores the impact of resolution on

the reliability of medical image segmentation.

Fibroadenoma Invasive Ductal Carcinoma Cyst

Papiloma Lymph Node Lymphoma

Figure 3.3: Examples of high-resolution images in Breast Ultrasound Le-
sions Dataset (Dataset B) including Fibroadenoma, Invasive Ductal Carci-
noma, Cyst, Papiloma, Lymph Node and Lymphoma.

Signal-to-noise ratio is a key measure of image quality that reflects

the clarity of the image. High SNR images have less background noise,

allowing for clearer distinction between different tissues and more accurate

segmentation [Diaz et al., 2011]. Conversely, images with low SNR are

prone to aleatoric uncertainty due to the increased noise level, which can

obscure critical details and lead to inaccurate segmentations. The Multi-
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modal Brain Tumour Segmentation challenge (BraTS) 2018 dataset is a

great example to discuss here. BraTS 2018 provides an extensive dataset

of multimodal MRI scans for brain tumour segmentation, with a focus

on clinically-acquired pre operative scans of glioblastoma and lower grade

glioma [Menze et al., 2014, Bakas et al., 2017b, 2018].

Figure 3.4 shows several samples from the BraTS 2018 dataset, depicting

the noise in images causing low SNR. Feng et al. showed that the use of

preprocessing techniques, such as denoising methods [Feng et al., 2020],

could significantly enhance the SNR of the images. This enhancement in

image quality through preprocessing has implications for the nature of un-

certainty in segmentation models. Models trained on images with low SNR

must contend with higher levels of aleatoric uncertainty, as noise can ob-

scure critical image details. In contrast, models trained on preprocessed

images with higher SNR may face reduced aleatoric uncertainty but could

encounter different challenges, such as epistemic uncertainty, if the prepro-

cessing introduces new patterns or alters image characteristics in ways not

represented in the training data. Thus, the choice of preprocessing tech-

niques and the quality of training data are crucial in determining the type

and extent of uncertainty that segmentation models must address.

Artefacts in medical imaging, arising from various sources such as equip-

ment limitations, patient movement, or magnetic field variations, can sig-

nificantly degrade image quality. These artefacts introduce errors and dis-

tortions that are not part of the actual anatomy, challenging the segmen-

tation process. Effective handling of artefacts is crucial, as their presence

can lead to both aleatoric and epistemic uncertainties in segmentation out-

comes. In the realm of skin lesion imaging, particularly with the use of

dermoscopy, various artefacts introduce significant challenges and uncer-
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(a) T1 Samples

(b) Regions Of Interest (ROI) overlay on T1 samples

Figure 3.4: Brain tumour images from the BraTS 2018 dataset depicting
the noise in images causing low SNR. High SNR images offer clearer differ-
entiation of tumour boundaries, whereas low SNR images introduce noise,
complicating accurate segmentation.

tainties in image interpretation. Common artefacts in dermoscopic images,

such as dark corners, hair, colour charts, rulers, measurement markers, and

ink markers, [Mahbod et al., 2019] each contribute to aleatoric uncertainty.

These elements can obscure the boundaries of the lesion, cover important

areas, or introduce misleading features, complicating the task of accurately

identifying and segmenting the lesions. Furthermore, the use of interface

fluids in contact dermoscopy, while enhancing visualisation, can introduce

artefacts like air bubbles [Chen et al., 2014, Benvenuto-Andrade et al.,

2007]. These bubbles may appear as bright spots, potentially mimicking

or hiding critical lesion characteristics, thereby adding to the uncertainty

in distinguishing true pathological features from artefacts. This interplay
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of artefacts not only challenges the accuracy of automated analysis but

also underscores the importance of sophisticated image processing tech-

niques and uncertainty-aware models in dermatology. Such models must

be adept at differentiating between genuine lesion attributes and mislead-

ing artefacts to provide reliable and precise diagnostic information, crucial

for effective treatment planning and patient care. Figure 3.5 shows some

of these artefacts that appear in the public dermoscopy dataset from the

ISIC 2018: Skin Lesion Analysis Towards Melanoma Detection challenge

(ISIC2018) dataset [Tschandl et al., 2018].

Figure 3.5: Examples of common artefacts in dermoscopic skin lesion im-
ages, including dark corners, hair, color charts, rulers, measurement mark-
ers, and ink markers, as well as the presence of air bubbles due to interface
fluids. These artefacts introduce aleatoric uncertainty by obscuring or al-
tering lesion characteristics, complicating accurate segmentation and anal-
ysis. Understanding and mitigating these artefacts is crucial for reducing
uncertainty and enhancing the reliability of diagnostic interpretations.

Out of Distribution Data

In the realm of medical imaging, the effective deployment of DCNNs hinges

not only on their accuracy but also on their ability to handle Out-Of-

Distribution (OOD) data. OOD samples, which include rare diseases or

atypical anatomical variations, can significantly impact the performance of

DCNNs. These samples are noticeably different from those in the training

set, leading to increased epistemic uncertainty. This uncertainty, if not

properly accounted for, can undermine the reliability of the model.
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A crucial aspect of managing this challenge is the generation and inter-

pretation of uncertainty maps at the time of inference. When a DCNN

encounters OOD samples, the uncertainty map generated should accu-

rately reflect the increase in uncertainty. This transparency is vital for

medical professionals who rely on these models for diagnostic support. By

examining both the segmentation results and their corresponding uncer-

tainty estimations, experts can gain insights into the confidence level of

the model predictions. This practice is essential to maintain consistency in

interpretation and decision making.

However, as noted in the study by Linmans et al., DCNNs often exhibit

overconfidence in their predictions, even when dealing with OOD data [Lin-

mans et al., 2023]. This is where the prediction is incorrect but the model

confidence is very high such as incorrectly segmenting a part of a tumour

(foreground) as background. This overconfidence can mask the true level of

uncertainty, leading to potentially misleading interpretations. To address

this, uncertainty estimation provides a more nuanced view of the predic-

tive distribution, thereby offering a more accurate representation of uncer-

tainty. By incorporating these methods, DCNNs can produce uncertainty

maps that more accurately reflect confidence levels in various scenarios,

including encounters with OOD samples.

In addition to the broader challenges of OOD data, specific lesion charac-

teristics such as size, shape, and contrast against surrounding tissues play

a pivotal role in influencing uncertainty in medical imaging. For example,

when models trained on a large dataset of small lesions, encompassing both

well-defined and poorly contrasted boundaries, are exposed to significantly

larger lesions with unusual textures at testing, the level of uncertainty can

be noticeably different. In such cases, the model’s experience with predom-

inantly smaller lesions may lead to increased epistemic uncertainty when
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encountering these larger, texturally-unique lesions. This is because the

model lacks prior exposure to such characteristics, making it less certain

about its predictions. The uncertainty maps generated in these scenarios

are crucial, as they visually represent areas where the model’s confidence

is low.

For instance, a model accustomed to small lesions might display high uncer-

tainty levels when analysing larger lesions with atypical textures, indicating

a potential decrease in prediction reliability. To illustrate this, Figure 3.6

provides a comprehensive visual representation which includes the original

image of a large lesion, which is distinct from the smaller lesions the model

was trained on, alongside the ground truth annotation and the model pre-

diction. It also presents the uncertainty map generated by the model for

this particular case. The map vividly highlights areas where the model

confidence diverges significantly from the ground truth. Additionally, the

figure includes the uncertainty distribution of the pixels, distinguishing be-

tween the False Positive (FP) and True Positive (TP) pixels (TP and FP

were chosen to focus on assessing the ability of epistemic uncertainty map

in distinguishing between the pixels that were incorrectly labelled as lesion

versus the pixels that the model correctly identified as lesion). This break-

down depicts how the model epistemic uncertainty varies across different

areas of the lesion, reflecting the challenges it faces when dealing with larger

lesions that exhibit atypical textures compared to its training data. Such

visualisations are essential in understanding the model performance limits

and guiding further improvements in training for enhanced accuracy and

reliability in diverse clinical scenarios.
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(a) Epistemic Uncertainty Distribution of TP and FP Pixels

Ground Truth Output PredictionOriginal Image Epistemic Uncertainty Map

(b) Model Output Result for a Large Lesion

Figure 3.6: (a) Distribution of uncertainty in TP and FP pixels (generated
from calculating epistemic uncertainty map at inference time), highlighting
the model’s confidence variability in lesion segmentation, showing gener-
ally high epistemic uncertainty for both TP and FP pixels. (b) Visualisa-
tion of the model’s output for a large lesion, including the original image,
ground truth, prediction, and uncertainty map, demonstrating the model’s
response to lesion sizes beyond its training scope.

The challenges posed by OOD data in medical diagnostics are not limited

to image segmentation alone, but extend to classification tasks as well. De-

spite the remarkable success of DCNNs in diagnosing various diseases, they

exhibit a critical vulnerability: overconfidence in incorrect predictions when

encountering images outside their training distribution. This phenomenon

is particularly concerning in healthcare applications, where misclassifica-

tion can have serious consequences [Zaid et al., 2022]. In the study, Zaid

et al. discuss that even minor perturbations or noise in an image can lead
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to high-confidence but incorrect predictions by the network. More alarm-

ingly, images completely unrelated to the trained classes, such as those of

a dog, can be misclassified as a skin cancer image by advanced CNN ar-

chitectures like DenseNet [Huang et al., 2017], MobileNet [Howard et al.,

2017], ResNet [He et al., 2016a], and VGGNet [Simonyan and Zisserman,

2014]. This issue underscores the necessity for DCNNs not only to accu-

rately classify known conditions but also to reliably flag new or unfamiliar

disease presentations [Zaid et al., 2022].

Translating these insights into the realm of medical image segmentation,

the implications are profound. Just as misclassifications in disease diagno-

sis can lead to inappropriate treatment decisions, inaccuracies in segmen-

tation due to OOD data can lead to incorrect assessments of the extent,

progression, or even the nature of the disease itself. Therefore, segmenta-

tion models must be equipped to handle OOD samples effectively, either

by accurately segmenting them or flagging them for further expert review.

It is also crucial to recognise the challenges involved in collecting and pre-

cisely annotating out-of-distribution (OOD) samples, particularly in the

medical field where the spectrum of potential OOD scenarios is vast and

unforeseeable [Zaid et al., 2022]. Figure 3.7 shows the distribution of

in-distribution (ID) and OOD in the Breast Ultrasound Lesions dataset

(BUS17) [Yap et al., 2017]. This difficulty adds another layer of complex-

ity to the development of robust DCNNs that can effectively manage such

data. In addition, it introduces added uncertainty, particularly in the face

of the complexities associated with challenging annotations.
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Figure 3.7: Histogram plot of the breast cancer lesion dataset categorised
by lesion types. The tail of this histogram depicts the OOD samples in-
cluding Unknown (UNK), Ductal Carcinoma In Situ (DCIS), Lymph Node
(LN), Papiloma (PAP), Invasive Lobular Carcinoma (ILC), Lymphoma
(LP) lesions.

Addressing OOD data is critical in image segmentation. The development

of DCNNs that are not only accurate in familiar scenarios, but also capa-

ble of indicating their limitations when encountering novel or rare cases,

is essential. This approach is vital to ensure the safety and reliability of

Artificial Intelligence (AI)-assisted medical diagnostics in both classifica-

tion and segmentation tasks. Furthermore, the ability of Deep Convolu-

tional Neural Networks (DCNN)s to produce accurate and interpretable

uncertainty maps in the presence of Out-Of-Distribution (OOD) data is

paramount in medical imaging applications. This capability is essential to

maintain consistent interpretations by medical experts and to improve the

trustworthiness and reliability of AI-assisted diagnostic systems. As the

field continues to evolve, a sustained emphasis on improving uncertainty

estimation methods will be key to overcoming the challenges presented by
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OOD data.

Annotation Variability

In supervised learning, particularly in medical image segmentation, the

variability in expert annotations plays a critical role in shaping the model’s

uncertainty. As highlighted by Jungo et al., inter-observer variability in-

troduces aleatoric uncertainty due to differences in expert opinions, which

is inherent in medical applications. This variability, if not properly ac-

counted for, can lead to unreliable uncertainty estimations [Jungo et al.,

2018a]. The study demonstrates that different fusion methods used to

combine expert annotations, such as majority voting [Rogova, 2008], sig-

nificantly impact the model’s ability to estimate uncertainty accurately.

Particularly, avoiding label fusion (i. e. combining several different labels

of the same entity into a single discrete label [Robitaille et al., 2012]) in

training data can lead to more reliable uncertainty estimations that better

reflect expert disagreement. This suggests that the choice of annotation

and labeling strategies is essential not only for model accuracy but also for

the effective quantification and interpretation of uncertainty in predictions,

underscoring the need for careful consideration of inter-rater variability in

model development and validation processes.

Model Complexity, Training Data Diversity and Volume

The complexity of a neural network, characterised by the number of layers

and parameters, can significantly impact its uncertainty handling capa-

bilities. Overly complex models have a higher risk of overfitting to the

training data. Although this might reduce aleatoric uncertainty by closely

modelling the noise and nuances in the training set, it can increase epis-
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temic uncertainty. This increase is due to the model’s reduced ability to

generalise to new, unseen data. In essence, a complex model may perform

exceptionally well on training data, but fail to maintain this performance

on new data, reflecting high epistemic uncertainty.

Furthermore, the diversity and volume of training data are equally crucial.

A dataset that is limited or not representative of the segmentation task at

hand can lead to increased epistemic uncertainty. In contrast, a large and

diverse dataset can significantly reduce epistemic uncertainty as it provides

the model with a more comprehensive view of the problem space, allowing

for better generalisation.

The use of pre-trained models [Kalinin et al., 2020, Stuckner et al., 2022,

Stawiaski, 2018] in machine learning tasks can have mixed implications for

epistemic uncertainty. These models can be advantageous, particularly in

scenarios where the training data available for a specific task are limited.

Using a well-established foundational knowledge base, pre-trained models

can effectively diminish epistemic uncertainty. However, challenges arise

when the domain from which the pre-trained model was initially developed

significantly diverges from the target application domain [Mehta et al.,

2022, Oquab et al., 2014]. Such discrepancies can inadvertently lead to an

increase in epistemic uncertainty due to domain misalignment. In these in-

stances, the application of domain adaptation techniques [Bousmalis et al.,

2016] becomes essential. These techniques are instrumental in adjusting

pre-trained models to more closely align with the unique characteristics

and requirements of the new task, thus mitigating the risks of increased

uncertainty.

Achieving an optimal balance between the complexity of a neural network

model and the characteristics of the training data is crucial for uncer-
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tainty management. When a model is excessively complex relative to the

available data, it tends to overfit, which results in poor generalisation and

consequently increased epistemic uncertainty. Conversely, a model that is

overly simplistic may fail to capture intricate patterns present in the data,

leading to increased aleatoric uncertainty. Additionally, the nature of the

training data plays a central role. It is essential for the training dataset

to be not only diverse and large enough to effectively train complex mod-

els, but also to be closely aligned with the specific domain of the task at

hand. This alignment ensures that the model learns relevant patterns and

generalises well to new, unseen data.

3.4 Methodology

As we discussed in section 3.3.2, understanding and addressing uncertainty

is crucial, particularly distinguishing between aleatoric and epistemic un-

certainty. We mentioned that aleatoric uncertainty, inherent and irre-

ducible, arises from the stochastic nature of the data itself. It is exemplified

by the intrinsic randomness in the relationship between input variables and

outcomes, as captured by the conditional probability distribution. This

type of uncertainty remains constant even with complete knowledge of the

underlying probability distributions and cannot be mitigated by additional

data or information. On the other hand, we learned that epistemic uncer-

tainty stems from a lack of knowledge or information, particularly about

the perfect model or predictor. This uncertainty is reducible; it can be

diminished by acquiring more data or enhancing our understanding of the

model parameters [Hüllermeier and Waegeman, 2021].

However, it is important to also note that the distinction between these
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two types of uncertainty is not static but context-dependent. For instance,

introducing additional features or altering the learning environment can

transform what was initially considered aleatoric uncertainty into epistemic

uncertainty. This transformation is evident in scenarios where, for example,

two class distributions that overlap in a low-dimensional feature space be-

come separable when the data are embedded in a higher-dimensional space.

Such changes highlight how the introduction of new features or adjustments

in the model’s complexity can shift the nature of the uncertainty from be-

ing inherent in the data (aleatoric) to being a function of our knowledge

and model sophistication (epistemic) [Hüllermeier and Waegeman, 2021].

In a medical image segmentation context, the transition from aleatoric to

epistemic uncertainty can be illustrated by the shift from low-quality to

high-quality images. Initially, segmentation models face aleatoric uncer-

tainty due to the inherent noise and imprecision in low-quality images,

particularly around tumour/lesion boundaries. This uncertainty is intrin-

sic to data quality and cannot be resolved by improving the model alone.

However, with the introduction of high-quality imaging, the nature of un-

certainty changes. The enhanced clarity and detail of the images reduce the

inherent data noise, but could introduce epistemic uncertainty due to the

model’s limitations. The existing model, trained on lower-quality images,

may not be sophisticated enough to interpret finer details in high-quality

images. This scenario depicted in Figure 3.8, shows how changes in data

quality can transform inherent data uncertainty (aleatoric) into uncertainty

stemming from model limitations (epistemic). This dynamic nature of un-

certainty in medical image segmentation underscores the importance of

a flexible and informed approach in modelling and decision-making pro-

cesses, where the categorisation and handling of uncertainty must adapt to

the evolving context and available information.
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Figure 3.8: How aleatoric uncertainty can become epistemic uncertainty
in when the model trained on low quality data encounters high quality
data with fine details that the model has not seen before. The lesions are
contoured with red lines.

Recent studies, including those by Jungo et al., have underscored a crit-

ical challenge in the deployment of deep learning systems in clinical set-

tings: while accuracy has seen notable improvements, robustness remains

a concern, particularly at the subject level. These studies reveal that com-

mon voxel-wise uncertainty measures, though well-calibrated at the dataset

level, often exhibit miscalibration when it comes to individual subjects

[Jungo and Reyes, 2019]. This inconsistency leads to considerable concerns

regarding the reliability of uncertainty estimates in clinical settings, where

the accuracy at the individual patient level is of high importance.
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In response to this challenge, we propose leveraging uncertainty

as an attention mechanism within our model. This approach aims to

enhance subject-level calibration, ensuring that uncertainty measures are

not only globally accurate, but also finely adjusted to individual patient

data. Furthermore, the critical nature of medical imaging, a field char-

acterised by high stakes and the need for utmost precision, necessitates a

bespoke approach to model design. Recognising this, we emphasise the

importance of tailoring the loss function for medical image segmentation.

Our proposed uncertainty-aware loss functions are designed to integrate un-

certainty information directly into the training process, guiding the model

to focus on areas of high uncertainty. This approach may need to be tailored

for each medical imaging scenario or disease, as it is not a universal solu-

tion but a targeted strategy for the specific challenges in medical imaging

tasks. To thoroughly evaluate the effectiveness and potential limitations

of this approach, we plan to conduct extensive assessments across various

datasets. Through these evaluations, we aim to not only validate the util-

ity of our proposed method in enhancing subject-level calibration but also

to explore its broader applicability and identify any areas for refinement.

This testing is crucial to ensure that our solution is robust, reliable, and

suitable for the delicate and critical context of medical imaging.

The overview of the the proposed architecture is shown in Figure 3.9. The

proposed model includes a Unet [Ronneberger et al., 2015] architecture,

with tailored designed loss function. The first proposed tailored loss func-

tion includes the attention map block calculated by the epistemic uncer-

tainty applied to cross entropy loss in the form of weight map. The second

proposed tailored loss function is similar to the the first loss, except the

attention map block is calculated by the error of the model. Finally, the

third set of proposed tailored loss functions are the combination of aleatoric
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loss as regularisation term with one of the error-based or uncertainty-based

attention maps. The details of each of the proposed tailored loss functions

are discussed in the next subsections.

Figure 3.9: The overall architecture of the proposed models

3.4.1 Encoder-decoder DCNN for Image Segmenta-

tion

The basic architecture of our image segmentation network is a well-established

DCNN method (i.e. Unet [Ronneberger et al., 2015]). The Unet archi-

tecture consists of a multilayer encoding path to capture context and a

symmetric decoding path that enables the production of high-resolution

segmentation results. In the encoder part, each layer consists of two 3×3

convolutions, a ReLU [Ronneberger et al., 2015] and a 2×2 max pooling

of stride 2. In the decoder part, each layer consists of upsampling of the

feature map, a 2×2 up-convolution which halves the number of feature

channels, a concatenation with the correspondingly cropped feature map

from the encoding path, and two 3×3 convolutions, each with a ReLU. We
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also add dropout [Srivastava et al., 2014] and batch normalisation [Ioffe and

Szegedy, 2015] after each convolutional layer. A 1×1 convolution is used

in the final layer to generate the segmentation output. The cross entropy

loss function is used for optimisation of network parameters, as expressed

in 3.4.

Lce(p(x), g(x)) = −
c−1∑
c=0

gc log(p(y = c|x)) (3.4)

where gc is the ground truth label of class c ∈ C and p(y = c|x) is the

model’s estimated probability for class c given input x.

3.4.2 Uncertainty Attention Map

Using the pixel-wise uncertainty map as an attention mechanism in the

loss function, the model primarily targets the reduction of epistemic uncer-

tainty, with potential indirect benefits to how the model handles aleatoric

uncertainty. This research examines the possibility of this approach result-

ing in a more adaptable learning process. We assess whether this could

lead to a more robust model and more reliable uncertainty interpretation.

As mentioned in section 3.3.2, one of the most popular stochastic regulari-

sation techniques for deep learning models is dropout [Gal, 2016]. Dropout

is used to avoid overfitting the network, which can be interpreted as a form

of approximate inference in a probabilistic interpretation of the model [Gal

and Ghahramani, 2016, Srivastava et al., 2014]. This allows us to model

uncertainty using dropout. Predictive entropy can express a measure of ig-

norance about the actual structure of the model that captures the amount

of information in the predictive distribution [Gal, 2016]. The predictive

entropy H [y|x,D] (equation 3.1 in Section 3.3.2) presents the epistemic

uncertainty where the values range between 0 and 1. The higher the value
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of H [y|x,D], the more uncertain the prediction will be. For detailed cal-

culation of the epistemic uncertainty the reader is referred to Section 3.3.2.

The obtained epistemic uncertainty maps are normally used at inference

time in the literature. In our case, the estimated pixel-wise uncertainty

map is used in the loss function as an attention mechanism. Intuitively,

a higher weight is assigned to the pixel location with higher uncertainty,

leading to a larger contribution to the loss calculation to guide network

optimisation. This forces the network to focus on learning from image

regions with higher uncertainties. We propose to calculate the weight map

as follows:

Munc(x) = α(1−H[y|x,D])β (3.5)

where α ∈ R∗
+ denotes the minimum weight value for a pixel and β ∈ [1, 3]

determines the behaviour of the nonlinear mapping for weight calculation.

Here, we set the value of α to be 0.1, which prevents the network from

assigning very small or zero weights to image regions with low uncertainty

values. The values set for parameters α and β are selected experimen-

tally. Figure 3.10 illustrates different uncertainty weight functions based

on different settings of β.

By combining the uncertainty map with cross entropy loss, the final pro-

posed loss function is expressed as

LUCF =
∑
x∈X

[Munc(x)× Lce(p(x), g(x))] (3.6)

where x represents the individual pixel in an image X. The loss function

in 3.6 is minimised using the U-net model introduced in Section 3.4.1. We

call this method the Uncertainty-Calibrated loss Function (UCF) in our

experiments.
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Figure 3.10: Variation of the Uncertainty Weight Function for Different
Values of β: These plots illustrate how the uncertainty weight function
changes with the entropy H [y|x,D] for a range of β values, given fixed α
value of 0.1. Each line represents a distinct β value, demonstrating the in-
fluence of β on the weight function response to entropy. The starting point
of each line, marked by a circle, corresponds to the value of α, highlighting
the initial influence of α on the uncertainty weight.

3.4.3 Error-Weighted Loss

In order to assess the impact of uncertainty-aware weight map in the train-

ing process, we proposed a loss function with error-based weight map to be

compared to the uncertainty-aware loss function.

Recent studies have utilised prediction error to develop error-weighted loss

functions, significantly enhancing training effectiveness. An example of

these functions is Focal Loss [Lin et al., 2017], which modifies cross-entropy

loss to prioritise learning from challenging examples, particularly in object

detection. Another important development is Focal Tversky Loss [Abra-

ham and Khan, 2019], emphasising the need to focus on hard examples,

especially in imbalanced datasets and diverse data sizes.

In this study, we introduce an error-based weight map inspired from these
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approaches. This map adjusts the loss for each pixel based on its predictive

error, encouraging the model to learn more from areas where predictions

are less accurate. The weight for a pixel is related to its prediction error,

thus directing the network’s learning focus towards regions with higher

predictive challenges.

For a balanced comparison with our uncertainty-weighted loss, we employ

a similar non-linear function:

Merr(x) = λ(1−Error(x))γ (3.7)

Here, Error(x) denotes the difference between the model’s estimated prob-

ability for the correct label of pixel x and the actual label. The hyperpa-

rameters λ and γ mirror α and β in our uncertainty map equation 4.1.

The resulting error-weighted loss function, used in our experiments and

referred to as Error-focused Loss Function (ELF), is defined as:

LELF =
∑
x∈X

[Merr(x)× Lce(p(x), g(x))] (3.8)

It is important to note that difference between the use of ELF and UCF is

the approach used to guide the model learning. ELFs target areas where

the model’s predictions are inaccurate, prioritising hard-to-classify exam-

ples. In contrast, UCFs emphasise regions where the model is unsure of its

predictions, thus aiming to improve the model’s confidence and reliability

across the dataset.
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3.4.4 Aleatoric Loss

In our research, we employed a loss function inspired by Jungo and Reyes

method [Jungo and Reyes, 2019], specifically designed to encapsulate aleatoric

uncertainty for a thorough evaluation and comparison with our proposed

loss functions. This loss function is derived from a neural network struc-

ture, f , that yields two outputs for each input x: the mean of the logits x̂

and the variance σ2 [Jungo and Reyes, 2019]. x̂ is the network’s prediction

while σ2 quantifies the aleatoric uncertainty, reflecting the inherent noise

within the data. The design of this loss function allows for the integra-

tion of the aleatoric uncertainty associated with the predictions, treating

the variance of the logits as an essential component of the loss calculation.

This is done by incorporating Gaussian noise into the logits, and through

Monte Carlo sampling.

Laleatoric = − 1

N

N∑
i=1

log

(
1

S

S∑
s=1

P (yi|x̂i,s, σ2
i,s)

)
(3.9)

N denotes the total number of data points under consideration. The term

S represents the number of Monte Carlo samples, which are used to ap-

proximate the expectation over the noise distribution. For each data point

indexed by i, yi indicates the true label, providing the ground truth against

which predictions are compared. The term x̂i,s is used to represent the s-th

sampled logits corresponding to the i-th data point. The variable σ2
i,s quan-

tifies the variance of the logits for the i-th data point and s-th sample, re-

flecting the model’s uncertainty about its prediction. Lastly, P (yi|x̂i,s, σ2
i,s)

denotes the calculated probability of the true label given the sampled logits.
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3.4.5 Combination Loss Functions

The Aleatoric Loss (AL) is combined with the other two proposed loss

functions in order to offer a more extensive assessment and comprehen-

sion of the proposed models and their impact on the interpretation of the

uncertainty map. Therefore, the Combination loss functions are as follows:

LUCF+AL = LUCF + λLAleatoric (3.10)

where λ is for balancing the UCF and Aleatoric terms.

LELF+AL = LELF + λLAleatoric (3.11)

where λ is for balancing the ELF and Aleatoric terms.

3.5 Experiments

3.5.1 Datasets

To investigate the understanding of the uncertainty map, the influencing

factors discussed in Section 3.3.3 and the proposed methods, three chal-

lenging and varied datasets were chosen for the experiments: 1) ISIC2018,

Skin Lesion Dataset, 2) BraTS, Brain Tumour Dataset and 3) BUS17,

Breast Lesion Dataset. These datasets were specifically chosen due to their

distinct characteristics and the diverse challenges they present, which are

essential for a comprehensive evaluation of uncertainty in medical image

segmentation.
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ISIC2018, Skin Lesion Dataset

The first dataset is a public dermatoscopy dataset from the ISIC2018 chal-

lenge [Tschandl et al., 2018]. This dataset consists of 2,594 RGB dermo-

scopic images of different types of skin lesions with corresponding lesion

segmentation masks.

There are some interesting points about this dataset that models may find

quite challenging. First, the dermatoscopy dataset contains images of poor

contrast, for some, the skin lesions and background may even appear iden-

tical. This is despite the fact that during the quality review process for

the dataset workup, manual histogram corrections were applied to enhance

the contrast and colour reproduction of the images [Tschandl et al., 2018].

The second point is the existence of varied textures in the background and

foreground. Third, there are various lesion scales in this dataset. For some

subjects in this dataset, the lesion segmentation may not even appear triv-

ial to a trained human expert [Ibtehaz and Rahman, 2020]. Then there is

the presence of various artefacts such as hair, colour charts, rulers, dark

corners, measurement markers, and ink markers, as well as the presence of

air bubbles due to interface fluids. Such challenges are not limited to this

dermatoscopy dataset, but similar situations can be seen in other types of

medical image segmentation datasets. Therefore, the dermatoscopy dataset

is useful as a diverse representative set of samples that introduce realistic

challenges to medical image segmentation models. In our experiments,

ISIC2018 images are resized to 256×256 pixels and normalised the intensi-

ties to [0,1] range.
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BraTs, Brain Tumour Dataset

The Brain Tumour Segmentation Challenge provides a comprehensive and

publicly available database for the development and comparison of brain

tumour segmentation methods. Brain tumour segmentation is considered

one of the most difficult segmentation problems in the medical domain

[Isensee et al., 2021]. As the largest fully annotated database in this field,

BraTS has become the standard competition for objectively evaluating seg-

mentation techniques [Isensee et al., 2021].

The 2018 BraTS data, updated since BraTS’16, includes more clinically-

acquired 3T multimodal MRI scans. The data encompasses a range of

pre-operative MRI scans of Glioblastoma (GBM/HGG) and Lower Grade

Glioma (LGG), all with pathologically confirmed diagnoses and available

Overall Survival (OS) data, used for training, validation, and testing in

the challenge. The imaging data, provided in NIFTI files, include 265

subjects, each with a range of scans (T1, post-contrast T1-weighted, T2-

weighted, FLAIR) from multiple institutions all in an isotropic voxel size

of 240×240×155 (1 mm³). These datasets have been manually segmented

by one to four raters, following a consistent protocol, and all ground truth

labels manually revised and approved by experienced neuro-radiologists

[Menze et al., 2014, Bakas et al., 2017b, 2018, Bakas et al., 2017a]. In our

experiments, the BraTS 2018 dataset is divided into 100 training, 25 valida-

tion, and 160 testing subjects. In this process, the three sub-compartment

tumour labels are combined to segment the whole tumour, and z-score in-

tensity normalisation (µ = 0 and σ = 1) is applied to each subject and

image individually.
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BUS17, Breast Lesion Dataset

The BUS17 dataset, collected in 2012 from the UDIAT Diagnostic Centre

of the Parc Tauĺı Corporation in Sabadell, Spain, used a Siemens ACUSON

Sequoia C512 system with a 17L5 HD linear array transducer (8.5 MHz).

It comprises 163 images from different women, averaging 760×570 pixels

in size. These images feature various lesions, with 53 depicting cancerous

masses and 110 showing benign lesions. Among the malignant images,

there are 40 Invasive Ductal Carcinomas (IDC), 4 DCIS, 2 ILC, and 7 other

unspecified malignant lesions. The benign images include 65 Unspecified

Cysts (CYST), 39 Fibroadenomas (FA), and 6 other types of benign lesions.

Experienced radiologists annotated the lesions in these datasets [Yap et al.,

2017].

Breast cancer, characterised by uncontrolled cell division in breast tissue,

often results in masses or lumps. It usually originates in the lobules or

ducts of the breast. Ultrasound imaging is a crucial method for the de-

tection of breast cancer, which uses high-frequency sound waves to create

detailed images of the breast, especially useful in women with dense breast

tissue. This method helps examine abnormalities found in mammography.

Ultrasound is particularly effective in detecting and characterising breast

mass nodes, favoured for its ease of use, non-invasiveness, low cost, and

reliability in identifying mass morphology [Houssein et al., 2021]. Accurate

segmentation of breast masses is vital, as the classification of a mass as

malignant relies heavily on its morphological features, such as shape and

boundary smoothness. Therefore, any automated system to classify breast

masses must first accurately identify the mass boundary [Kumar et al.,

2018].

The BUS17 dataset provides a representative sample of ultrasound images,
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which are often challenging due to inherent acoustic interferences (speckle

noise) and varying lesion appearances. These ultrasound images typically

suffer from poor contrast and view-dependent artifacts, contributing to an

intrinsic uncertainty in the analysis and segmentation of the images [Saini

et al., 2010].

The dataset is divided based on the frequency of the diagnosis type, the

most frequent diagnoses (IDC, FA, CYST) were selected as training and

validation sets and the least frequent diganoses (UNK, DCIS, LN, PAP,

ILC, LP) were selected as testing set. The reader is referred to Figure 3.7

that illustrates the histogram plot of the BUS17 dataset categorised by

lesion types. The dataset is divided into 137 training subjects, 7 validation

subjects, and 19 test subjects. In this process, the images were resized to

256×192 and normalised to range [0,1].

3.5.2 Results

The parameter settings and the corresponding loss function for each method

and each of the datasets are listed below in Tables 3.1, 3.2 and 3.3.

The baseline architecture is Unet with 5 layers in both the encoder and

decoder paths. The models are trained for 50 epochs with Adam opti-

miser and learning rate of 0.0001. To calculate the uncertainty map during

the training and at inference time, the dropout rate and the number of

stochastic forward passes were set to d = 0.05 and M = 20. The parame-

ter settings and corresponding loss function for each method for ISIC2018,

BraTS and BUS17 datasets are listed in Table 3.1, Table 3.2 and Table

3.3, respectively. All the parameters are chosen experimentally and fixed

throughout the experiments.
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Model LossFunction Parameter settings

Unet (baseline) Lce -

Unet+UCF LUCF α = 0.1, β = 3

Unet+ELF LELF α = 0.1, β = 3

Unet+AL LAL sampling = 10

Unet+UCF+AL LUCF+AL α = 0.1, β = 3, λ = 1, sampling = 10

Unet+ELF+AL LELF+AL α = 0.1, β = 3, λ = 0.1, sampling = 10

Table 3.1: Model Configurations with their Corresponding Loss Functions
and Hyper-parameter Settings For ISIC2018 Dataset

Model LossFunction Parameter settings

Unet (baseline) Lce -

Unet+UCF LUCF α = 0.1, β = 3

Unet+ELF LELF α = 0.1, β = 3

Unet+AL LAL sampling = 10

Unet+UCF+AL LUCF+AL α = 0.1, β = 3, λ = 1, sampling = 10

Unet+ELF+AL LELF+AL α = 0.1, β = 3, λ = 0.1, sampling = 10

Table 3.2: Model Configurations with their Corresponding Loss Functions
and Hyper-parameter Settings For BraTS Dataset

Model LossFunction Parameter settings

Unet (baseline) Lce -

Unet+UCF LUCF α = 0.2, β = 2

Unet+ELF LELF α = 0.1, β = 3

Unet+AL LAL sampling = 10

Unet+UCF+AL LUCF+AL α = 0.2, β = 2, λ = 1, sampling = 10

Unet+ELF+AL LELF+AL α = 0.1, β = 3, λ = 0.1, sampling = 10

Table 3.3: Model Configurations with their Corresponding Loss Functions
and Hyper-parameter Settings For BUS17 Dataset

80



3.5. EXPERIMENTS

Table 3.4 shows the quantitative measurements of six different models:

Unet (baseline), AL, UCF Loss, ELF Loss, UCF+AL and ELF+AL (de-

scribed in Appendix A) using test subjects from ISIC2018, BraTS and

BUS17 datasets. To evaluate the statistical significance of the values for

each performance measure, we applied the non-parametric Wilcoxon signed

rank statistical test [Gibbons and Chakraborti, 2011]. Tables A.1, A.2 and

A.3 in Appendix A show the p-values for the corresponding pairwise tests.

The results based on Table 3.4 show that the model with ELF and the

model with ELF+AL have the highest dice compared to other models

for the ISIC2018 dataset. Similarly for the BraTS dataset, the model

with ELF loss achieved the highest dice compared to other models. The

Unet+ELF loss results are statistically significant, except when compared

with Unet+UCF loss. For the BUS dataset, Unet+ELF+AL has the high-

est dice, however, the results are relatively close and the statistical test did

not show any significant difference between the compared models.

The state-of-the-art segmentation methods for the BraTS 2018 challenge

have achieved a Dice coefficient of 0.90 [Ghaffari et al., 2019]. For the

ISIC2018 dataset, the best Dice score reported in the literature is 0.902

[Yu et al., 2023], and for the BUS17 dataset, the highest reported Dice

score is 0.842 [Yeung et al., 2023].

However, it is important to note that the training, validation, and testing

sets chosen for these experiments in this thesis are different from those used

in the cited literature. This difference in datasets means that direct com-

parisons with the state-of-the-art results are not entirely fair or accurate.

Additionally, the primary goal of our experiments is not to surpass the best

Dice scores reported in the state-of-the-art methods. Instead, we used a

basic architecture without incorporating advanced techniques such as data
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augmentation, ensemble methods, or post-processing improvements. Our

focus is primarily on evaluating how the uncertainty-aware loss design im-

pacts the interpretation of segmentation result uncertainty.

The purpose of these experiments is to investigate whether the proposed

uncertainty-aware loss design can enhance the understanding of uncertainty

in segmentation results, which is a critical aspect of medical image analy-

sis. While achieving competitive Dice scores is desirable, our main contri-

bution lies in providing a framework that can improve the reliability and

interpretability of segmentation outputs by addressing uncertainty.

Dataset Model Dice

ISIC2018 Unet+Cross Entropy Loss (Baseline) 0.8872± 0.014

Unet+Aleatoric Loss (AL) 0.8896± 0.015

Unet+UCF Loss 0.8863± 0.015

Unet+ELF Loss 0.8917± 0.012

Unet+UCF + AL 0.8891± 0.016

Unet+ELF + AL 0.8917± 0.013

BraTS Unet+Cross Entropy Loss (Baseline) 0.8634± 0.019

Unet+Aleatoric Loss (AL) 0.8671± 0.014

Unet+UCF Loss 0.8693± 0.013

Unet+ELF Loss 0.8710± 0.014

Unet+UCF + AL 0.8667± 0.014

Unet+ELF + AL 0.8688± 0.014

BUS Unet+Cross Entropy Loss (Baseline) 0.5430±0.167

Unet+Aleatoric Loss (AL) 0.5438±0.148

Unet+UCF Loss 0.5501±0.179

Unet+ELF Loss 0.5511±0.155

Unet+UCF + AL 0.5669±0.161

Unet+ELF + AL 0.5715±0.157

Table 3.4: Segmentation performance comparison in terms of dice coeffi-
cients for different models on ISIC2018, BraTS whole tumour and BUS17
datasets on a test subjects for baseline Unet, Unet with AL, Unet with
UCF loss, Unet with ELF loss, Unet with the UCF loss and AL as regu-
larisation term and Unet with ELF loss and AL as regularisation term.

The performance variation of proposed loss functions such as the UCF loss
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across different datasets, shows the complex and data-specific nature of

medical image segmentation. This variation highlights the importance of

tailoring loss functions and model architectures to the unique character-

istics of each medical imaging task. Medical images differ significantly in

terms of resolution, contrast, and the nature of the anatomical structures

being segmented.

To further investigate the effects of the proposed methods, we performed

visual inspections of the prediction results of test subjects. In the compara-

tive analysis of various models on the whole tumour segmentation of BraTS

dataset, several key observations emerge. The baseline model, model with

AL, model with UCF, model with ELF and their combinations with AL as

a regularisation term were examined. In Figure 3.11, the model with ELF

loss, although it achieved the highest average dice overall, in this example,

it struggled in certain regions (shown by letter (T ) in Figure 3.11). These

areas were not segmented effectively and the corresponding model uncer-

tainty heatmaps for the model with ELF loss exhibited high confidence,

indicating a possible oversight in recognising these regions. In contrast,

the UCF model demonstrated a more adept response in segmenting these

challenging regions, in addition to effectively reflecting the epistemic un-

certainty in the heatmap. The combination of UCF with aleatoric loss did

not improve the identification of regions and the performance of uncertainty

heatmaps. The analysis underscores the varying effectiveness of these mod-

els and combinations in handling uncertain and challenging segmentation

tasks within the BraTS dataset.

In this visual inspection of model performance on the BraTS dataset shown

in Figure 3.12, as one of the complex cases, several critical observations were

noted. The primary objective for the models in BraTS dataset is tumour

segmentation. However, the challenge of segmentation intensifies when
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Figure 3.11: Comparative analysis of various models on the BraTS dataset,
the baseline model, model with AL, model with UCF, model with ELF,
and their combinations with AL as regularisation term, UCF+AL and
ELF+AL. The black colour in the heatmap indicates the lowest uncertainty
value and the yellow colour shows the highest uncertainty value. Letter T
represents only a specific region of the brain and part of the whole tumour.

84



3.5. EXPERIMENTS

subjects have additional brain abnormalities that are not annotated as tu-

mours, as these unknown elements can confuse the segmentation model.

One such case involved a subject exhibiting a tumour on the left side of

the image, which aligns with the annotated region of interest as shown in

Figure 3.12 by letter (T ). Interestingly, the subject’s T2 FLAIR contrast

imaging also revealed hyperintensity regions on the right side of the image

and abnormal white matter tissue, as shown in Figure 3.12 by letter (A)

1. These findings, while potentially clinically significant, fall outside the

model’s designated task of tumour segmentation. In such scenarios, there

are two preferable outcomes for the model’s behaviour: either segmenting

these non-tumour regions with high uncertainty, suggesting a need for fur-

ther investigation, or correctly not segmenting these areas as tumour tissue

with high confidence.

The performance of different models varied in this context. The ELF model

successfully disregarded the seemingly abnormal white matter region but

mistakenly identified the hyperintense area on the right side of the image as

tumour tissue with high confidence. The addition of AL to the ELF model

(ELF+Aleatoric) showed slight improvement by more distinctly highlight-

ing the boundaries of these regions. Meanwhile, both the Aleatoric and

UCF loss models incorrectly segmented these non-tumour regions as tu-

mour, though they displayed a significantly higher degree of uncertainty in

these areas compared to the actual tumour on the left side. The combina-

tion of UCF and AL offered a marginally better interpretation, balancing

segmentation accuracy with more interpretable uncertainty heatmap. This

analysis underscores the complexities and nuances in model performance,

1As highlighted in section 3.5.1, it is crucial to acknowledge that the BraTS datasets
were manually segmented by one to four raters who adhered to a uniform protocol.
Furthermore, all ground truth labels were meticulously reviewed and confirmed by ex-
pert neuroradiologists, thus addressing obvious concerns regarding the precision of the
annotations.
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particularly in cases with additional brain abnormalities that challenge the

segmentation task. The models ability to differentiate between tumour

and non-tumour regions, and to express uncertainty in ambiguous cases, is

crucial for reliable and clinically relevant image analysis.

Turning to the skin lesion data, this particular evaluation shown in Fig-

ure 3.13 is a specific subject for which, dermoscopic image presented unique

challenges, including the presence of colour charts and hair, which are com-

mon sources of aleatoric uncertainty in such datasets. The model with ELF

loss successfully segmented the skin lesion without being confused by the

colour charts, demonstrating high confidence in its analysis. Similarly,

when combined with AL (ELF+AL), the model maintained this accuracy.

However, the addition of AL interestingly intensified the uncertainty of the

model around the lesion’s boundaries. The model with UCF loss, when op-

erating independently, showed a vulnerability to the sources of aleatoric un-

certainty. It incorrectly segmented some non-lesion areas, mistaking them

for part of the lesion, although it correctly marked these regions with high

uncertainty values in the heatmap. This outcome underscores the model’s

ability to recognise its limitations in segmenting under complex conditions.

However, the combination of UCF with AL became a particularly effective

approach. This hybrid model not only resolved the wrong segmentations

triggered by aleatoric uncertainty but also demonstrated robustness against

challenges like similar intensity in the image.

Figure 3.14 illustrates a comparison of six various tailored loss functions

using BUS17 dataset, specifically on a subject with a UNK lesion type clas-

sified as malignant. As shown in Figure 3.14 all models correctly identified

the UNK lesion. However, the model with just aleatoric loss mistakenly

segmented other similar intensity regions as lesions, often with higher un-

certainty than the actual lesion. In contrast, the UCF and ELF models
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Figure 3.12: Comparative analysis of various models on the BraTS dataset,
the baseline model, model with AL, model with UCF, model with ELF,
and their combinations with AL as regularisation term, UCF+AL and
ELF+AL. The black colour in the heatmap indicates the lowest uncer-
tainty value and the yellow colour shows the highest uncertainty value.
Letter T represents only a specific region of the brain with the whole tu-
mour. Letter A represents only a specific region of the brain with the
apparent abnormality that was not annotated as tumour.
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Figure 3.13: Comparative analysis of various models on the ISIC2018
dataset, the baseline model, model with AL, model with UCF, model with
ELF, and their combinations with AL as regularisation term, UCF+AL and
ELF+AL. The black colour in the heatmap indicates the lowest uncertainty
value and the yellow colour shows the highest uncertainty value.Letter A
represents specific regions with artefcats.
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achieved more accurate segmentation and provided a more coherent in-

terpretation of uncertainty, generally attributing lower uncertainty to the

background in comparison to the aleatoric loss model. The ELF model,

when combined with aleatoric loss, generated a more informative uncer-

tainty heatmap (showing higher uncertainty in the boundary of the lesion

specifically on the right side of the lesion), while still maintaining a high

level of segmentation accuracy.

The rationale behind the BUS17 data split, using the most frequent le-

sion types for training and the least common for testing, was to challenge

the models with previously unseen lesion types, effectively treating these

test cases as OOD data. This was expected to introduce high epistemic

uncertainty, providing an opportunity to assess the performance of each

uniquely tailored loss function and its consequent impact on the interpreta-

tion of uncertainty heatmaps. The resulting analysis has proven insightful,

highlighting how models adapt to unfamiliar data and the crucial role that

tailored uncertainty management plays in model reliability, particularly in

a medical setting where accurate diagnosis is important.

It is important to note that he effectiveness of UCF, ELF, and AL regular-

isation term could vary depending on the characteristics of the data and

the dataset used for training. For datasets with high noise or variability,

AL is important as it helps the model become more robust against inher-

ent data imperfections. UCF, on the other hand, is more beneficial when

dealing with high epistemic uncertainty, where the model lacks knowledge

or exposure to varied examples. In contrast, ELF focuses on iterative error

correction and can enhance performance by learning from previous mis-

takes. The interplay between these loss functions is tailored to the specific

data context and in some scenarios the effect of AL could cause too much

regularisation the results in underfitting.
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Figure 3.14: Comparative analysis of various models on the BUS17 dataset,
the baseline model, model with AL, model with UCF, model with ELF,
and their combinations with AL as regularisation term, UCF+AL and
ELF+AL. The black colour in the heatmap indicates the lowest uncer-
tainty value and the yellow colour shows the highest uncertainty value.
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3.6 Discussion

Our research demonstrates how different factors across medical images of

different modalities influence epistemic and aleatoric uncertainty in deep

medical image segmentation. These findings underscore the complex na-

ture of uncertainties in clinical scenarios, and the significant role of uncer-

tainty maps generated by DCNNs. These maps are likely to be important

in enhancing diagnostic accuracy and patient care, as they could provide

valuable insight into the confidence level of the model’s predictions.

Complementing this, recent studies have highlighted that while deep learn-

ing systems have improved in accuracy, their robustness, especially in clin-

ical settings, remains a concern. Uncertainty measures have emerged as

a promising direction to improve failure detection in these systems. How-

ever, evaluations of common voxel-wise uncertainty measures reveal that

they tend to be well-calibrated at the dataset level but miscalibrated at the

subject level, thereby compromising the reliability of uncertainty estimates

[Jungo and Reyes, 2019]. This finding is particularly relevant as it high-

lights the importance of developing subject-wise uncertainty estimations,

ensuring that the uncertainty measures are not just globally accurate but

also reliably reflect the uncertainties at an individual patient level.

This further underscores the importance of our findings, particularly from

a technical perspective. By exploring how various image factors influence

epistemic and aleatoric uncertainties, our study sheds light on the critical

role of uncertainty-aware models in medical imaging. These models are

useful in enhancing the interpretability and reliability of uncertainty maps

generated by DCNNs. We demonstrated in our research how various tai-

lored loss functions handle uncertainty differently and that the design of a

correctly-tailored loss is pivotal for ensuring consistency and accuracy in
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the interpretations derived from the uncertainty maps.

By offering a detailed examination of the factors contributing to uncertainty

in medical image segmentation, our work provides a clear path for devel-

oping more robust and reliable medical imaging techniques. The careful

design of the model loss function tailored for the task at hand and careful

validation of the performance and interpretability are crucial for the future

of medical diagnostics, where the precision and consistency of image inter-

pretation can have profound implications for patient care and treatment

outcomes. The move towards subject-level uncertainty estimation is a key

aspect of this progress.

Holistic Approach to Interpretation Integrating patient-specific fac-

tors, such as disease biomarkers, age, gender, and other clinical data, is

also likely to be essential in interpreting uncertainty maps. This holistic

approach ensures that interpretations are not solely reliant on the model

output, but are enriched by a comprehensive understanding of the pa-

tient’s health profile. For example, high uncertainty in tumour segmenta-

tion might be more comprehensively understood considering the patient’s

specific disease biomarkers or age. This integration is crucial for accurate

and personalised medical decisions.

The context provided by additional patient information is invaluable in in-

terpreting the uncertainty of segmentation results [Simpkin and Armstrong,

2019]. For example, a DCNN model showing high uncertainty in segment-

ing a tumour could be indicative of the presence of an atypical disease,

especially when correlated with other patient information. In contrast, low

uncertainty in a model prediction might be re-evaluated if it contradicts

the patient’s clinical symptoms or disease biomarker profile.
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Model Limitations and Future Directions Recognising the limita-

tions of current DCNN models is crucial. This awareness can guide clini-

cians in critically interpreting uncertainty, especially in cases that deviate

from typical training scenarios. Future research should focus on develop-

ing models that incorporate a wider spectrum of patient data types, thus

improving accuracy and reducing uncertainty in segmentation tasks, while

also making the interpretation of this uncertainty clearer and more straight-

forward. Such advances are key to the evolution of personalised medicine,

where the combination of advanced imaging techniques and comprehensive

patient data can lead to more tailored diagnostics and treatment plans.

3.7 Conclusion

Medical image segmentation is a challenging task due to the complexity of

the data and the complex nature of uncertainty in the images. In this Chap-

ter, we focused on the interpretability of uncertainty estimation in Bayesian

Deep Convolutional Neural Networks, specifically within the context of

medical image segmentation. We have chosen datasets that contain a wide

variety of lesion shapes, border irregularities, inconsistencies in acquisition

methods, variance in lesion texture, and the presence of image artefacts.

We introduced tailored loss functions including an epistemic uncertainty-

based attention map on cross-entropy loss (UCF), an error feedback weight

map on cross-entropy loss (ELF), and their combinations with aleatoric loss

as regularisation term, UCF+AL loss and ELF+AL loss. We used each of

these loss functions for training a fully supervised DCNN model. Our fo-

cus was to propose and compare the tailored loss functions that handle

uncertainties of the model and data uncertainties in different ways.

93



3.7. CONCLUSION

We designed comprehensive experiments on three benchmark medical imag-

ing datasets across different modalities, each having their unique challenges

and characterisation for analysing and evaluating the proposed loss func-

tions and their effect on the interpretation of uncertainty heatmaps.

Among the analysis of segmentation models applied to the ISIC2018, BraTS,

and BUS17 datasets, the ELF loss, particularly when combined with AL

(ELF+AL), stands out by achieving the highest Dice scores, indicating

better segmen- tation for the ISIC2018 dataset. This trend holds for the

BraTS dataset, with the ELF model outperforming other loss functions.

Visual inspections further validate these quantitative findings, revealing

that while models like UCF show proficiency in interpreting epistemic un-

certainty, the addition of AL refines the models’ precision, as evidenced by

the more discerning uncertainty heatmaps of ELF+AL.

It is important to note that the observed disparity between the Dice score

and visual inspection in our experiments for ELF and UCF loss functions

highlights an important aspect of medical image segmentation which is the

need to balance quantitative metrics with qualitative assessments of model

performance. While the ELF model achieves higher Dice scores, indicating

better segmentation accuracy on a pixel-level basis, the UCF model, despite

its lower Dice scores, demonstrates more reliable performance upon visual

inspection. This suggests that while ELF is effective at optimising the Dice

metric, it may not fully capture the nuances of image segmentation that

are vital for clinical interpretation, such as accurately delineating complex

lesion boundaries.

This finding underscores the importance of not solely relying on standard

metrics like the Dice score but also considering how well a model’s outputs

align with clinical expectations and how uncertainty is communicated. In
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medical imaging, where decisions have major effects on patient outcomes,

the reliability of the model, as evidenced through visual inspection and

uncertainty mapping, are as critical as quantitative accuracy. This high-

lights the necessity of developing and validating tailored loss functions that

prioritise not just segmentation accuracy but also the practical utility and

interpretability of the resulting uncertainty maps in real-world clinical set-

tings.

This blend of tailored loss functions, especially in handling out-of-distribution

data in the BUS dataset, underscores the efficacy of integrating tailored

uncertainty management strategies. Such integration is pivotal in medical

diagnostics, where the accuracy of lesion segmentation and the interpreta-

tion of uncertainty directly affect clinical decisions.

We demonstrated in this chapter, that various tailored loss functions han-

dle uncertainty differently and the design of a tailored loss is pivotal for

ensuring consistency and accuracy in the interpretations derived from the

uncertainty maps. The careful design of the loss function tailored for the

task at hand and careful validation of the performance and interpretabil-

ity are crucial for the future of medical diagnostics, where the precision

and consistency of image interpretation can have profound implications for

patient care and treatment outcomes.
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Chapter 4

Uncertainty-Guided and

Spatially-Constrained Weakly

Supervised Deep Medical

Image Segmentation

4.1 Context

In the preceding chapters, we investigated the intricacies of medical im-

age interpretation and the various challenges it poses, particularly in the

context of MRI, dermoscopy, and other complex imaging modalities. In

Chapter 2, we highlighted the issues of distribution drift, the scarcity of

centralised open-source databases, and the long-tailed distribution of dis-

eases, which complicates the task of image annotation and segmentation. In

chapter 3, we explored how manual segmentation, while precise, is labour-

intensive and susceptible to biases, and how automatic segmentation tech-

niques, though promising, still grapple with the unique challenges posed
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by the diverse and intricate nature of medical imaging data.

Furthermore, we discussed the complexities involved in handling noisy and

sparse labels in deep learning, underscoring the need for robust strategies to

manage uncertainties and inaccuracies in segmentation masks. As we move

into this chapter, we will be looking at how to tackle these issues by using

weakly supervised learning, particularly with bounding box annotations.

In this chapter, we propose a weakly supervised deep convolutional neural

network for medical image segmentation using an uncertainty-guided and

spatially-constrained loss, which only requires simple and fast bounding

box annotations for model training. The contributions in this chapter are

as follows:

• We propose predictive uncertainty estimation during training to guide

the model learning from the image region with high predictive confi-

dence.

• Additionally, a CRF-based local spatial constraint is incorporated to

the loss function, which regularises the predicted labels of a local

region. This CRF loss term is independent of the training labels

(bounding box annotations here), which prevents the model over-

fitting to the bounding box annotation.

• We evaluate our method on a public dermoscopic dataset (ISIC2018)

containing different types of skin lesions. Our method outperforms

state-of-the-art learning-based (DeepCut) and non-learning based (Grab-

Cut) methods, using dice coefficient as an accuracy metric.

The results of this chapter has been published at the 2022 IEEE 19th

International Symposium on Biomedical Imaging (ISBI) [Mahani et al.,

2022].
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4.2 Introduction

The challenge of having access to large datasets with accurate annotations

is significant in medical imaging [Karimi et al., 2020]. In many real world

clinical applications, inaccurate annotations are obtained for training ma-

chine learning models due to the following reasons: (a) for some clinical

problems, object segmentation is not trivial even for a trained human ex-

pert [Ibtehaz and Rahman, 2020]; (b) accurate labelling of medical images is

very resource-intensive as it requires a domain experts’ knowledge [Karimi

et al., 2020]; (c) the accurate annotation can be particularly hard for very

small objects; (d) detailed annotation is a time-consuming process (e) it is

subject to human errors and fallibility; and (f) in some medical applica-

tions, significant inter-observer variability necessitates obtaining consensus

labels or annotating from several experts aggregating the annotations using

appropriate methods [Karimi et al., 2020].

Although in some studies, a large number of medical image datasets were

annotated by experts, such studies require a large amount of financial and

logistics not available for many of the medical domains. On the other hand,

for successful deep learning methods in medical applications having a large

dataset with reliable annotations is crucial [Karimi et al., 2020].

Over recent years, a number of weakly-supervised CNNs have emerged for

semantic segmentation of natural images. However, a small number of these

methods have been specifically tailored for segmentation tasks in medical

imaging [Yang et al., 2020]. These successful applications have shown that

weakly supervised learning methods are able to reduce the need for pixel-

level annotations. Various weak supervision medical image segmentation

methods have been performed using different forms of annotations, such as

points [Kervadec et al., 2019, Qu et al., 2019], image-level annotations [Wu
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Original Image Full Annotation Points Scribbles Bounding Box

Figure 4.1: The differences between full annotation, points, scribbles, and
bounding box annotation on a skin lesion dataset sample. Data sample is
selected from ISIC2018 Skin Lesion Dataset.

et al., 2019] and scribbles [Can et al., 2018, Liu et al., 2022] and bounding

boxes [Rajchl et al., 2016, Yang et al., 2018, Kervadec et al., 2020]. Figure

4.1 shows the differences between full annotation, scribbles, points, and

bounding box annotation on a skin lesion dataset sample. Note that the

’image-level annotation’ usually refers to binary labels indicating if lesion

tissues exist in the image.

Weakly supervised segmentation methods using image-level annotations

achieve fine-grained segmentation with minimal expert input [Wu et al.,

2019]. These approaches, primarily leverage Class Activation Maps (CAMs)

[Zhou et al., 2016] and Multiple Instance Learning (MIL) [Jia et al., 2017].

CAMs, a critical component in many such methods, utilise a classification

network’s intermediate outputs to generate segmentation masks, essentially

pinpointing the regions of interest in an image that contribute most signif-

icantly to the classification decision. On the other hand, MIL approaches

the problem of weak supervision as one of label noise, focusing on the classi-

fication of sets of instances rather than individual ones. Such methods have

demonstrated their potential in enhancing model performance compared to

standard benchmarks in weakly supervised segmentation using image-level

annotation [Tajbakhsh et al., 2020]. While image-level annotations provide

a broad overview for segmentation, the next approach, point annotations,

introduces a more focused and localised method of guiding segmentation.
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Weakly supervised segmentation methods using point annotations were

proposed for balancing the need for precision in object class identification

with the practical limitations of exhaustive pixel-wise labeling [Bearman

et al., 2016]. The process works by assigning known classes to a select set

of points within an image, effectively using these points as guides for the

segmentation of the entire image.

The first method proposed for using point annotations in weakly supervised

segmentation [Bearman et al., 2016] employed a modified loss function that

accounts for the relative importance of each annotated point. This impor-

tance is variable and can be determined through several strategies: it might

be uniform across all points, based on the confidence of multiple annota-

tors, or weighted according to the sequence in which points are presented,

with early points typically representing more prominent object features. In

practice, the point annotation itself is not sufficient to directly supervise

the training of neural networks. Studies that use point annotations typi-

cally incorporate some kind of prior [Chen et al., 2020b], for example, using

the original image and a shape prior [Qu et al., 2019] or introducing an ’ob-

jectness’ prior (a pre-trained measure that estimates the likelihood of each

pixel belonging to any object class versus the background [Bearman et al.,

2016]). In essence, point annotation-based weakly supervised segmentation

refines the training of CNNs for semantic segmentation by efficiently util-

ising sparse but strategically important point annotations and leveraging

additional context through priors.

Scribble annotation emerged as a natural progression from point-based an-

notation in weakly supervised segmentation, primarily in response to the

limitations and challenges associated with point annotations. While point

annotation offers a simpler alternative to full region masks and is easier

to generate, it demands annotations for the entire dataset and is highly
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sensitive to the exact location of the points [Lee and Jeong, 2020]. This

requirement can be labour intensive and less practical for large datasets,

or for certain types of datasets such as the histology dataset, for which the

task is to segment a significant number of nuclei in each image [Lee and

Jeong, 2020].

Scribble labels, which are loosely drawn lines or marks over the objects

of interest, offer a faster and less precise method compared to detailed

point annotations, as shown in Figure 4.1. These scribbles provide enough

guidance for regularised networks and standard segmentation techniques to

produce a detailed segmentation. Some methods also introduce additional

model parameters or techniques such as boundary prediction and adversar-

ial training to refine the outcomes further [Lee and Jeong, 2020]. Others

combined pseudo-labeling and label filtering to generate reliable labels un-

der weak supervision. The pseudo labels were improved by leveraging the

consistency of the predictions during iterations [Liu et al., 2022].

Although using scribble annotations for training can save time for expert

segmentation, it may compromise the accuracy of segmentation models

due to their imprecise nature and insufficient supervised signals, specifi-

cally with the quality defects common in medical images [Li et al., 2023].

Scribble annotations, with their relaxed approach compared to point an-

notations, pave the way for exploring even broader and more user-friendly

annotation techniques, such as bounding box annotations, which offer a

different balance of precision and ease.

Among the different forms of weak annotations, bounding boxes have be-

come very popular. Bounding box annotations have been widely used in

interactive segmentation approaches such as the GrabCut method [Rother

et al., 2004]. Furthermore, they are simple, low cost as they require light
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storage and allow the problem to be spatially constrained [Kervadec et al.,

2019, 2020]. Figure 4.1 shows an example of bounding box annotation for

skin lesion segmentation task.

A common strategy in learning from weak annotations is the proposal-based

method. This approach generally involves using initial, rough annotations,

often referred to as pseudo-annotations or proposals, and then iteratively

refining and updating these annotations as the training progresses. As

shown in Figure 4.2a, this method starts with a basic approximation of

the target region—in this case a rectangular bounding box for the skin

lesion segmentation task—and progressively adjusts this initial guess to

more accurately represent the true segmentation targets through a series

of updates. This iterative refinement aims to enhance the accuracy and reli-

ability of the model’s learning process from weakly labeled data. However,

one of the drawbacks of such strategies is that proposals contain errors,

which might be propagated through the training. This could affect seg-

mentation performance and lower the chance of convergence. The error

propagation could be more noticeable when working on medical images

as the targets are normally challenging and have poor contrasts. More-

over, the iterative proposal generation increases the computational costs of

training Kervadec et al. [2019, 2020]. Our initial experiments for lesion seg-

mentation using bounding box annotations support the error-prone nature

of proposal-generation-based methods. We found that approaches that re-

quire proposal generation and refinement, are typically hard to converge

and it is very hard to tune the parameters to generate proposals that con-

tain fewer errors.
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Data with 
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Figure 4.2: (a) Proposal-based weakly supervised medical image segmenta-
tion strategy, that uses weak annotations to generate pseudo-annotations
known as proposals. These labels are generated iteratively to refine the
parameters of deep CNNs to mimic the full supervision. (b) Weakly super-
vised medical image segmentation strategy using a tailored loss function
that does not require iterative refinement of pseudo annotations.

As mentioned earlier, despite the increasing number of studies focusing

on weakly-supervised DCNNs in semantic segmentation [Kervadec et al.,

2019], due to the difficulty of leveraging weak annotations in medical imag-

ing, the number of compelling studies that use bounding box annotations,

in particular, is limited. In this chapter, we briefly discuss some of the

relevant studies.

The GrabCut method is an interactive foreground/background segmenta-

tion in still images, crucial for practical image editing tasks, standing out as

a non-learning based approach. By iteratively updating the parameters of

a Gaussian Mixture Model (GMM) [Reynolds et al., 2009] and optimising

the resulting energy with a graph cut [Boykov and Jolly, 2001], GrabCut
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combines both texture (color) and edge (contrast) information to achieve

precise segmentation. This iterative optimisation allows for a more power-

ful and nuanced approach to image segmentation, significantly simplifying

the user interaction needed for high-quality results [Rother et al., 2004].

In [Kervadec et al., 2020] a novel, weakly-supervised learning approach for

segmentation is introduced that utilises global constraints derived from box

annotations, specifically applying a classical tightness prior by imposing

constraints on network outputs, ensuring that each line within the bound-

ing box contains at least one foreground pixel. This method, demonstrates

superior performance over well established methods such as DeepCut, elim-

inating the need for computationally intensive proposal generation.

Another study presents a weakly-supervised CNN specifically designed for

renal tumour segmentation, leveraging bounding boxes as a form of weak

annotation to train the model [Yang et al., 2020]. The approach incorpo-

rates CRF to generate pseudo masks from bounding boxes, followed by a

novel group training strategy where multiple CNNs are trained with these

pseudo masks and then fused to refine the segmentation. Finally, a voxel-

wise weighted cross-entropy loss function is utilised to further enhance the

training process, ensuring precise and robust segmentation outcomes. This

technical framework not only accelerates the training procedure but also

effectively mitigates common issues like under-segmentation, ultimately

yielding high accuracy on a diverse clinical dataset of renal tumours [Yang

et al., 2020].

In [Wang and Xia, 2021], a weakly supervised image segmentation method

is introduced utilising tight bounding box annotations and a novel approach

of generalised MIL coupled with smooth maximum approximation for in-

tegrating bounding box tightness priors into a deep neural network. The
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method defines positive and negative bags through parallel crossing lines

and individual pixels outside bounding boxes, respectively, and employs α-

softmax and α-quasimax functions to address numerical instability [Wang

and Xia, 2021].

DeepCut [Rajchl et al., 2016] is one of the mostly cited bounding box-

based weakly supervised method. It is inspired by GrabCut method and

uses the common strategy of generation and refinement of pseudo-masks

known as proposals during the training. These pseudo-masks are generated

iteratively to refine the parameters of DCNNs to mimic full supervision.

The pseudo-masks are updated in a post-processing step using dense Con-

ditional Random Field [Krähenbühl and Koltun, 2011] for the next training

iteration. Although the DeepCut method outperformed the conventional

GrabCut, another study showed that the pseudo-masks may gradually dis-

appear in some cases. This suggests that DeepCut could be very unstable

during training [Kervadec et al., 2019]. Moreover, despite using Dense CRF

to smooth the predicted pseudo-masks, it seems that the strategy of using

CRF as a separate post-processing step failed to prevent the bounding box

annotations from shrinking and generating empty predictions.

DeepCut is a good example of a potentially powerful, but error-prone

proposal-based method. The error propagation in such methods could

be more noticeable when working on medical images as the targets are

normally challenging and have poor contrasts. Moreover, the iterative pro-

posal generation increases the computational costs of training [Kervadec

et al., 2019, 2020]. Considering these points, it would be preferable to use

strategies that do not require proposal generation and updates.

Our aim in this chapter, as shown in Figure 4.2b, is to propose strategies

that do not require iterative pseudo-annotation refinement. Instead, we
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utilise the spatial constraints that the bounding box annotation provides.

Furthermore, our hypothesis is that epistemic uncertainty estimation could

help the training to focus on the regions inside the bounding box that are

most certain.

4.3 Methodology

An overview of our proposed method is shown in Figure 4.3. The input

to the framework is the original images and their corresponding bounding

box annotations. The proposed loss function consists of a Weighted Cross

Entropy (WCE) term and a CRF term. The pixel-wise weighting map of

the WCE term is derived from the epistemic uncertainty estimation (ex-

plained in Chapter 3) and combined with the bounding box background

constraint (any pixel/voxel outside the bounding box is considered as back-

ground). The CRF term helps to regularise the predicted labels in a local

region, which is based on the original image intensity and is independent

of the bounding box annotation. The loss function is optimised using a

widely used encoder-decoder DCNN method. For model deployment, only

the original image is needed as the input, the trained model is then able to

predict a detailed object region rather than a bounding box. Each of the

key components is described in the following subsections.

4.3.1 DCNN-based image segmentation

The architecture of our proposed method is implemented based on a well-

known encoder-decoder network with skip connections (Unet [Ronneberger

et al., 2015]). The basic architecture of our DCNN consists of a multi-layer

encoding path to capture the image context and a symmetric decoding
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Figure 4.3: Overview of the proposed bounding box based weakly super-
vised framework. We incorporated predictive uncertainty estimation dur-
ing the training process to help the model focus on learning from image
areas where it is more confident in its predictions, while also considering a
background constraint. Furthermore, we included a local spatial constraint
based on CRF in the loss function to enforce consistency in the predicted
labels within a specific region.

path that enables the production of high-resolution segmentation results.

The residual block was proposed first in the ResUnet architecture for clas-

sification problems [He et al., 2016a]. The main idea of ResUnet was to

take advantage of shortcut connections to address the problem of vanishing

gradients which may hinder the convergence of the network. Using these

shortcut connections does not add extra parameters or complexity to the

network. Due to the success of ResUnet, several architectures are proposed

as variants of this architecture [Huang et al., 2016, Xie et al., 2017, He

et al., 2016b, Huang et al., 2017]. The structure of a residual block is

to have a shortcut connection that skips one or more layers. The short-

cut connection performs identity mapping, and is added to the outputs of

the skipped layers [He et al., 2016a]. To take advantage of the benefits
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of Residual networks, in our experiment we chose the residual version of

Unet.

Instead of the conventional layers of Unet, the architecture is constructed

using Residual blocks containing, two 3×3 convolutions each followed by

a spatial dropout [Tompson et al., 2015], a batch normalisation [Ioffe and

Szegedy, 2015] and ReLU, and the block contains one skip connection that

links the input of the block to the output (ResUnet [Zhang et al., 2018]).

4.3.2 Uncertainty guided loss and background con-

straint

We propose to utilise uncertainty concepts to guide the model training pro-

cess. The intuition behind the design is that the target objects in different

images share similar characteristics. During the model training process,

these common object regions are likely to be predicted correctly with high

confidence and certainty. Hence we propose to use an uncertainty measure

to locate these regions. The model is then able to focus on learning from the

image regions with high certainty rather than from the whole bounding-box

region. We follow the method proposed by Gal et al. [Gal, 2016] for uncer-

tainty estimation. Predictive entropy, as detailed in [Gal, 2016], serves as

an indicator of the model’s uncertainty, quantifying the predictive distri-

bution’s information content. The predictive entropy unc = H [y|x,D] (as

outlined in equation 3.1 from Section 3.3.2) reflects epistemic uncertainty,

with values ranging from 0 to 1, where higher values denote greater un-

certainty in the prediction. For an in-depth explanation of how epistemic

uncertainty is computed, readers can refer back to Section 3.3.2.

Our proposal is to utilise the estimated uncertainty map as a weight map
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on a per-pixel basis. This weight map will be used to calculate a weighted

cross entropy loss, taking into account both the predicted output and the

bounding-box annotation. The idea is to assign a higher weight to pixels

with lower uncertainty (higher certainty), which will result in a larger con-

tribution to the overall loss calculation. Therefore, the weight map based

on uncertainty, denoted as Munc, is formulated as shown in Equation (4.1),

Munc(x) =

 1 if unc < θ

0 if unc ≥ θ
(4.1)

where θ denotes the threshold of the step mapping function.

Furthermore, we could also assign a high weight (1 in our case) to the

background (external) region of the bounding box annotation, as it is an

acceptable assumption that no object is outside the bounding box; this

can be enforced as guidance to the annotator during drawing of bounding

boxes. Subsequently, we combine the background weight map Mbg and the

uncertainty weight map Munc using the maximum operation. The baseline

cross entropy loss is calculated by using Equation (4.2).

Lce(p(x), b(x)) = −
C−1∑
c=0

bc(x) log(p(y = c|x)) (4.2)

b(x) represents the bounding box label for input x, and bc(x) is a binary

indicator that is 1 if class c is present within the label for input x and

0 otherwise. p(y = c|x) is the model’s estimated probability for class c

given input x. The weighted cross entropy loss is then calculated by using

Equation (4.3).

LUB =
∑
x∈X

[max(Munc(x),Mbg(x))× Lce(p(x), b(x))] (4.3)
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4.3.3 CRF based spatial constraint loss

By solely utilising the uncertainty-guided cross entropy loss, the model is

prone to prioritising the learning of image regions that exhibit similarities

across all training examples, potentially disregarding the distinctive char-

acteristics of each individual image. To address this, inspired by the local

CRF model proposed by Zhang et al. [Zhang et al., 2020], the segmenta-

tion problem can be solved by minimising an energy function containing a

unary term and a pairwise term. The unary term is normally obtained for

each pixel by a classifier, which refers to the LUB in Eqn. (4.3) in our case.

The pairwise term specifies the penalty of assigning labels to the current

pixel i and another pixel j at the same time. Using a local CRF model,

the pairwise term can be determined by its nearest neighbour pixels, which

provides a local smoothness constraint to the model. The pairwise term at

pixel i is defined as,

ψi =

∑
j ψi,j∑
j |µi,j|

. (4.4)

ψi,j = µi,jPiPj (4.5)

µi,j =


− exp

(
− (Ii−Ij)

2σ2

) (
j ∈ R, Ŷi = Ŷj

)
+exp

(
− (Ii−Ij)

2

2σ2

) (
j ∈ R, Ŷi ̸= Ŷj

)
0 (j /∈ R)

(4.6)

where Pi and Pj are the predicted confidence scores for pixel i and its

neighbour pixel j, respectively. µi,j is the weight between them. Ŷi and Ŷj

are the predicated labels from the model for pixel i and j, respectively. I
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here represents the original image intensity. R is the domain of the nearest

neighbours for pixel i. Finally, the pairwise CRF term (spatial constraint

loss) for the whole image is defined as:

LCRF =
∑
i

ψi. (4.7)

4.3.4 Total loss function

The computed pairwise term in Eqn. (4.7) is then combined with Eqn.

(4.3) to form the total loss function of our proposed segmentation model,

expressed as:

LUBC = LUB + λLCRF (4.8)

where λ is for balancing the unary and pairwise terms.

4.4 Experiments

4.4.1 Datasets

For the experiments in this chapter, we used a public dermatoscopy dataset

from the ISIC 2018: Skin Lesion Analysis Towards Melanoma Detection

challenge dataset [Tschandl et al., 2018] (this dataset was also used in

Chapter 3). This dataset consists of 2,594 RGB images of different types

of skin lesions with corresponding lesion segmentation masks. For our ex-

periments, the images are resized to 256 x 256 pixels for computational

reasons and normalised using zero-mean normalisation and scaled to [0,1]

with intensity normalisation method. Each of the bounding box annota-
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tions was automatically generated from the original segmentation mask,

using a region that covers the entire object with a minimal size. In all of

our experiments, 70%, 10%, and 20% of the images are randomly selected

for training, validation, and testing, respectively. The model is trained

using the ResUnet model described in section 4.3.1. For model deploy-

ment only the raw images are required without requiring the bounding box

annotations.

4.4.2 Baselines

We conducted a comparison between our proposed method and two exist-

ing methods described above: DeepCut (a deep learning-based method)

[Rajchl et al., 2016] and GrabCut (a non-learning based method) [Rother

et al., 2004]. Additionally, we evaluated two baseline, fully supervised-

models: Weak-ResUnet, which used the bounding box as the label, and

Full-ResUnet, which used the original pixel-wise annotation as the label.

Both baseline models employed the same ResUnet architecture as our pro-

posed method. To quantitatively compare the performance, we used the

evaluation metrics Dice Coefficient, Precision, and Recall. In the ResUnet

architecture, there are 5 layers in both the encoder and decoder paths. All

the models underwent training for 50 epochs until convergence using the

Adam optimiser. The learning rate used was 0.0001 with a decreasing step

of 10.

For our method, we experimentally evaluated different values for the dropout

rate (range between 0 and 0.2), the number of stochastic forward passesM

(in equation 3.3, range between 10 and 30), the uncertainty-based weight

function threshold θ (in equation 4.1, range between 0.1 and 0.5) using the

validation set. Table 4.1 shows the parameter settings.
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Parameter Value

Dropout rate (d) 0.1

Number of stochastic forward passes (M) 20

Uncertainty-based weight function threshold (θ) 0.1

CRF parameter (σ) 1.5

CRF parameter (λ) 1

Table 4.1: Experimentally assessed parameter values for the proposed
method.

4.4.3 Result

A comprehensive ablation study was conducted to evaluate the effectiveness

of the components of the proposed loss function (UBC loss). The study

revealed that the best performance is achieved when these loss elements

are used in combination.

Table 4.2 lists the quantitative measurements of all compared methods. We

can observe that our proposed method performs better than both DeepCut

and GrabCut in terms of Dice and Recall.

Model Dice Coefficient Precision Recall

Full-ResUnet 0.863±0.16 0.874±0.17 0.89±0.16

Weak-ResUnet 0.757±0.15 0.664±0.17 0.938±0.15

GrabCut[Rother
et al., 2004]

0.776±0.28 0.893±0.27 0.714±0.28

DeepCut[Rajchl
et al., 2016]

0.706±0.31 0.905±0.27 0.631±0.31

UBC (Proposed) 0.823±0.16 0.821±0.17 0.866±0.19

Table 4.2: Skin lesion segmentation performance comparison on test set for
baseline Full-ResUnet, Weak-ResUnet, GrabCut, DeepCut and UBC our
proposed method.

The distribution of Dice values for test set images, as illustrated in Figure

4.4, provides a clear comparison between our proposed method, DeepCut,
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Figure 4.4: Plot comparing the distribution of Prediction Dice Coefficient
scores for different methods (Proposed Method, DeepCut, and GrabCut)
across the test set. The x-axis represents ranges of Dice Coefficient scores
achieved for test set, while the y-axis shows the number of test images
falling within each score range, expressed as a fraction of the total number
of test images. This visualisation illustrates the frequency with which each
method achieves various levels of Dice Coefficient scores on the test images.

and GrabCut. The graph shows an important issue where both GrabCut

and DeepCut were unable to segment the lesions accurately in over 50 im-

ages out of the total test set, resulting in Dice value of zero. This failure

mode is particularly pronounced in the DeepCut method, where the iter-

ative updates of pseudo-masks are prone to errors as discussed in Section

4.2. These errors often accumulate during training, ultimately leading to

completely empty predictions.

In an attempt to mitigate this issue, the DeepCut method integrates a

dense CRF to refine the predicted pseudo-masks and encourage smoother

segmentation results. However, despite this integration, the standalone

application of CRF as a post-processing step appears to be insufficient. It

fails to counteract the tendency of the pseudo-masks to shrink excessively,

which is a critical flaw evident in the method’s design. This drawback
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Figure 4.5: Selected DeepCut test results contouring the predicted lesion
region over the original image on the models from epoch 1 to epoch 50 with
step size of 10 (left to right), showing the vanishing issue of pseudo-masks
during training.

is further exemplified in Figure 4.5, which depicts two specific instances

from the DeepCut predictions. These examples, taken at various epochs

throughout the training process, demonstrate how the pseudo-masks can

shrink over time, ultimately leading to the loss of meaningful segmentation

results. This comparative analysis underlines the inherent challenges and

limitations faced by methods like DeepCut and GrabCut.

To illustrate the advantages of our proposed method in comparison to other

existing approaches, we selected three input samples based on their Dice

values obtained from a fully supervised model. The prediction results of

these samples are visually displayed and compared to the original ground

truth in Figure 4.6. In the top row, it is evident that the contrast between

the lesion and the surrounding background is quite poor, which posed a sig-

nificant challenge for both GrabCut and DeepCut, leading to their failure

in accurately predicting the lesion. This particular instance underscores the

utility of incorporating the local CRF term within our proposed loss func-

tion, which effectively enhances the model’s ability to delineate between the

lesion and background even under challenging contrast conditions. Moving

to the middle row, it is observed that GrabCut tends to over-segment the

lesion area. The bottom row presents an image that is arguably one of

the most challenging in the entire dataset due to the lesion’s dual-textured
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nature. In this complex scenario, among the weakly supervised methods

evaluated, GrabCut managed to achieve a comparatively better prediction

for this image, while DeepCut yielded the least accurate result, further

highlighting the strengths and weaknesses of each method under varying

conditions.

4.5 Discussion

The observed progression of our proposed UBC method from epoch 1 to

epoch 20 on sample images from the ISIC2018 dataset, depicted in Figure

4.7, provides deeper insights into the dynamic nature of our approach dur-

ing training. Initially, the model utilises bounding box annotations (c) to

guide the segmentation, and as training progresses, it continuously refines

its predictions (d), attempting progressively towards the ground truth (b).

This refinement is driven by the innovative incorporation of customised

weighted cross-entropy and CRF terms in our loss function, designed to

employ both the epistemic uncertainty and the spatial relationships present

in the data.

The uncertainty heatmap (e), transitioning from high (red) to low (dark

blue) uncertainty, reflects the model’s progress toward increased confidence

in identifying lesion regions. Initially exhibiting high uncertainty even in

background regions, the dynamic changes in the heatmap are consistent

with the learning phase, where the model is still getting familiar with the

data. As training advances, the influence of the background constraint

in our loss function becomes more pronounced, noticeably enhancing the

model confidence and accuracy, within the background regions, as denoted

by the dark blue in the heatmap.
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The uncertainty heatmap also effectively captures persistently challenging

regions where the model struggles, highlighting areas that require further

refinement. This consistent correlation between the heatmap depiction of

uncertainty and the model’s actual performance provides a valuable tool

for understanding and analysing the model behaviour and limitations at

each training stage. It is essential to recognise and evaluate the limitations

of our approach in addressing complex segmentation tasks, even though

the observed improvements are promising.

In analysing the progression of our UBC method for the two distinct sam-

ples from the ISIC2018 dataset shown in Figure 4.7, we observe unique

behaviours attributed to the contrast of foreground and background in-

tensity in each case. For the sample 1 shown in the figure, with a lesion

that is distinct from the background, the tailored loss successfully aids the

model in maintaining the accurate shape of the lesion. The clear intensity

differentiation between the lesion and the background allows the CRF to

reinforce the model’s confidence in the lesion’s boundaries, effectively coun-

tering the background constraint’s tendency to shrink the foreground. This

results in a more precise segmentation, avoiding the incorrect inclusion of

background regions, as marked by the yellow dotted circle.

Although we observed that CRF could be very helpful in preventing the

model from generating empty predictions, it could sometimes lead to incor-

rect segmenting of some inner corner regions of the bounding box as part

of the lesion. For example, for the sample 2 in the figure, where the lesion

shares a similar intensity with the surrounding background, the CRF term

in the loss function led to inaccurate segmentation. Despite successive

epochs of training, the model sometimes misinterprets the lesion bound-

aries due to the subtle intensity differences, leading to over-segmentation

particularly near the ambiguous border regions, as indicated by the yellow
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Epoch 10

Epoch 15

Epoch 20
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Sample 2 Sample 1

Figure 4.7: The proposed UBC method progress during training from epoch
1 to epoch 20 on 2 sample images from the ISIC2018 dataset: (a) Original
Image; (b) Ground Truth; (c) Bounding Box Annotation; (d) Prediction
Result; and (e) Uncertainty Heatmap with red as the highest uncertainty
value and dark blue as the lowest uncertainty value.

dotted circles. This illustrates the challenge of delineating regions where

the foreground and background blend seamlessly.

The different scenarios mentioned emphasise the importance of the CRF

in improving the segmentation process. However, they also bring attention

to a limitation of our proposed tailored loss function when dealing with

samples that have lesions with subtle intensity variation compared to the

background.

The high recall observed in our model underscores its effectiveness in iden-

tifying most relevant lesion areas across the dataset, reflecting its ability

to minimise false negatives in comparison to DeepCut and GrabCut. This

characteristic is particularly crucial in medical imaging contexts, where

the cost of missing a lesion can be significantly higher than erroneously

identifying non-lesion regions as lesions.
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However, the lower precision associated with our model in comparison with

DeepCut and GrabCut highlights a tendency towards over-segmentation,

where the model incorrectly segments some non-lesion pixels as part of the

lesion. This behaviour is exemplified in our observations of the occasional

incorrect segmentation within inner corner regions of the bounding box,

attributed to the CRF component of our loss function.

In medical imaging, precision is critical for ensuring that treatments are

accurately targeted and do not harm healthy tissues. Considering the risks

of low-precision segmentation becomes even more important in cases where

treatments are directly guided by segmentation results, such as in radiation

therapy planning for cancer treatment. For instance, studies have shown

that segmentation performance is highly correlated with tumour control

and radiation toxicity. Low-precision for example, could lead to higher

than intended doses to healthy tissue in radiation therapy [Harrison et al.,

2022]. Moreover, in the diagnosis phase, low-precision segmentation might

contribute to false positives, leading to misdiagnosis and inappropriate clin-

ical decisions.

To mitigate the risks associated with low precision in segmentation, im-

provements to the proposed approach could involve refining the loss func-

tion to incorporate additional penalties for false positives to help bal-

ance the trade-off between recall and precision. For instance, integrating

a precision-focused regularisation term could reduce the tendency of the

model to over-segment. Given the focus on uncertainty in the proposed

model, further enhancements could involve tailoring the loss function to

reflect higher uncertainties in the uncertainty map at inference for regions

that the model normally oversegments to help with decision making.

These insights into our model’s performance, characterised by high recall
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but lower precision, suggest a need for further refinement of our approach,

especially in enhancing its specificity without significantly compromising

its sensitivity. Future versions of our model could benefit from exploring

adjustments to the loss function that more effectively balance the trade-

off between recall and precision, potentially through incorporating more

discriminative features.

4.6 Conclusion

In this chapter, we have presented a tailored loss function for weakly super-

vised skin lesion segmentation using bounding box annotations. Our ap-

proach, illustrated in Figure 4.3, integrates a novel loss function comprising

both weighted cross entropy and CRF terms. The weighted cross entropy

is uniquely informed by an epistemic uncertainty estimation, which, along-

side a bounding box background constraint, refines the focus of the model

training. The CRF term further regularises the predicted labels based on

the original image intensity, independent of the bounding box annotation.

We evaluated the performance of our method using a dermoscopic dataset

containing challenging skin lesions with various sizes, textures and con-

trasts.

The efficacy of our proposed method was demonstrated through compar-

isons with state-of-the-art methods DeepCut and GrabCut, as well as base-

line fully supervised and weakly supervised models. The results, detailed

in quantitative measurements of Dice Coefficient, Precision, and Recall,

show our method outperforms GrabCut and DeepCut in terms of dice and

recall. However, it is crucial to acknowledge certain limitations inherent to

our approach.
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While our method shows promising results, it is not without drawbacks.

One challenge arises when the CRF component of our loss function could

sometimes mistakenly lead the model to incorporating background regions

inside the bounding box into the lesion area. This is particularly noticeable

in the ambiguous border regions, where the model sometimes misinterprets

the corner regions inside the bounding box. Based on these observations,

future work should aim at refining the CRF implementation to better han-

dle subtle intensity variations.
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Chapter 5

Understanding Multiple

Sclerosis: Deep Convolutional

Neural Networks for Multiple

Sclerosis Lesion Segmentation,

and Associated Challenges

5.1 Context

In diagnosing MS, a complex condition of the central nervous system, MRI

has emerged as a critical diagnostic tool. Despite advancements in imaging

techniques, such as T2 FLAIR and T1-weighted imaging, challenges per-

sist in accurately segmenting MS lesions. This accurate segmentation is

crucial for leveraging the Central Vein Sign (CVS) [Maggi et al., 2018] as a

diagnostic marker, highlighting the pressing need for robust segmentation

methodologies to enhance diagnostic accuracy and patient management in
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MS.

The variability and subtlety of MS lesions make them particularly difficult

to detect and segment accurately. Given its significant implications for

patient care and treatment, MS represents a critical application area for

testing and refining some of the methodologies proposed in previous chap-

ters. As such, this chapter is dedicated to the segmentation of MS lesions.

Therefore, we first introduce and review the specific literature related to

MS lesion segmentation, acknowledging its absence in the main literature

review due to the specialised nature of this discussion.

The contributions in this chapter are as follows:

• Comprehensive Exploration of MS Data for Segmentation: Our work

encompasses a thorough examination of MS data preparation, pre-

processing techniques, and the evaluation of DCNN models, aiming

to optimise MS brain lesion segmentation.

• Evaluation of Preprocessing Approaches: For the data preparation

for model training, we assessed two preprocessing methods, for brain

tissue extraction, through visual inspection and segmentation perfor-

mance analysis.

• Custom Loss Functions for Enhanced Robustness: We showcased the

importance of incorporating model uncertainty feedback and data

uncertainty as regularisation to enhance segmentation performance,

especially in scenarios involving unseen data from various sites and

scanners.
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5.2 Introduction

Medical image segmentation is one of the most critical steps in many clin-

ical applications. In brain MRI analysis, image segmentation is commonly

used for analysing brain changes and for characterising pathological regions.

The diversity of image processing applications has led to the development

of various segmentation techniques with different accuracies and degrees

of complexity [Despotović et al., 2015]. In radiology, lesions are visually

identified, but manual segmentation specifically in brain lesions of MS is a

time-consuming process and subject to human errors. Consequently, auto-

mated MS lesion segmentation techniques can be beneficial for an accurate

and swift diagnosis [Danelakis et al., 2018].

5.2.1 Multiple Sclerosis

Multiple Sclerosis, an inflammatory demyelinating disease of the central

nervous system, is characterised by lesions in the brain and spinal cord

[Dworkin et al., 2018, Tallantyre et al., 2011]. Dissemination of a mul-

tifocal demyelinating lesion in space and time is a key component of the

current diagnostic criteria for the disease. Thus, detecting and segmenting

MS lesions is an indispensable step in characterising the disease, and also

in calculating and interpreting more specialised metrics of damage [Aktas

et al., 2018, Brownlee et al., 2017, Tallantyre et al., 2011, Danelakis et al.,

2018]. When a patient presents symptoms that could be evidence of MS,

an MRI is highly recommended for the reason that an abnormal brain MRI

is present in almost all MS patients and in more than 80% of patients with

clinically isolated syndrome who go on to develop MS [Brownlee et al.,

2017]. MRI is highly sensitive in detecting MS plaques and has been ac-
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cepted as a key clinical tool for diagnosing MS, determining the progression

and the activity of the disease and assessing the success of medical treat-

ments [Danelakis et al., 2018].

T2 FLAIR, along with T1-weighted magnetisation-prepared rapid gradient-

echo imaging (T1) as an alternative confirmatory sequence, is recommended

as a primary identification tool for Periventricular, Juxtacortical/Cortical,

and Infratentorial MS lesion types [Filippi et al., 2019].

T1 MRI modality, through 3D MPRAGE, is a three-dimensional imag-

ing technique applicable for MR imaging throughout the body [Mugler III

and Brookeman, 1990]. It is particularly adept at capturing high-quality

3D image sets, as evidenced in its ability to produce images of the brain

displaying excellent grey and white matter contrast [Mugler III and Brooke-

man, 1990]. T1 structural imaging is essential for obtaining crucial data

on the volumes and structures of brain tissues. In addition, it is crucial for

computing cross-subject and cross-modality alignments, which are neces-

sary for analysing all other brain modalities [Alfaro-Almagro et al., 2018].

The 3D MPRAGE acquisition method begins with a Magnetisation Prepa-

ration (MP) period, in conjunction with the snapshot FLASH [Haase, 1990]

technique. An inversion pulse [Bydder and Young, 1985] followed by a de-

lay is typical for yielding T1-dependent contrast, crucial for differentiating

between various tissues and aiding in precise structural assessments. After

the longitudinal magnetisation is encoded with the desired contrast dur-

ing the MP period, a RApid Gradient-Echo (RAGE) [Hargreaves, 2012]

sequence is used to sample the prepared magnetisation, ensuring detailed

and accurate imaging essential for further medical analysis and treatment

planning.

T2 FLAIR imaging is a specialised MRI technique that provides high

126



5.2. INTRODUCTION

contrast images by suppressing the signal from fluids, particularly Cere-

broSpinal Fluid (CSF) [Alfaro-Almagro et al., 2018]. This suppression

makes T2 FLAIR exceptionally useful for depicting tissue alterations typ-

ically associated with various pathologies, such as white matter lesions

found in diseases such as MS, infarction, subarachnoid haemorrhage, and

head injuries. The contrast in T2 FLAIR images is dominated by signal

decay from interactions between water molecules, known as T2 relaxation

times, which allows detailed visualisation of brain tissues and structures

[Alfaro-Almagro et al., 2018]. The suppression of CSF makes T2 FLAIR

images particularly useful in highlighting subtle changes at the periphery

of the hemispheres and in the periventricular region close to CSF, offer-

ing an advantage over other sequences such as proton density or standard

T2-weighted images where CSF appears bright [Okuda et al., 1999].

The usefulness of FLAIR sequences extends to a wide range of central ner-

vous system diseases. However, FLAIR sequences are usually obtained in

addition to T1 and T2-weighted images, as they are expected to provide

additional useful information, particularly in the detection and character-

isation of brain lesions [Okuda et al., 1999]. Despite their many benefits,

FLAIR sequences are not without limitations. Incomplete nullification of

CSF signals due to CSF inflow effects can produce imaging artifacts, espe-

cially in areas with prominent CSF pulsatility, which could contribute to

failure in detecting lesions in certain regions such as the brain stem [Okuda

et al., 1999]. Moreover, the long acquisition time required for conventional

FLAIR sequences and the insufficient lesion contrast in some areas such

as the basal ganglia and posterior fossa are recognised challenges [Okuda

et al., 1999]. Despite these drawbacks, the overall advantages of FLAIR

imaging make it an invaluable tool in the diagnosis and study of various

neurological conditions. Figure 5.1a depicts a brain MRI of a patient di-
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agnosed with MS; however, the particular slice chosen for this image does

not show any MS lesions. Figure 5.1b on the other hand, illustrates a slice

from a different MS patient’s brain MRI, where the MS lesion is clearly

visible in both the coronal and sagittal views presented in the figure.

The misdiagnosis of MS has been shown in previous studies as an issue

in clinical practice and the need for an accurate diagnosis is important

due to the increasing number of immunosuppressive medications used in

patients with MS [Brownlee et al., 2017, Aktas et al., 2018, Solomon et al.,

2016, Dworkin et al., 2018, Samaraweera et al., 2017]. Misinterpretation

of brain MRI has been considered one of the main causes of misdiagnosis.

Consequently, a robust imaging biomarker would be beneficial for patients

and clinicians [Samaraweera et al., 2017, Solomon et al., 2016]. As a means

of discriminating MS lesions from white matter abnormalities caused by

other diseases, the identification of a vein crossing the center of a lesion

has been proposed as a diagnostic tool due to the fact that inflammatory

demyelination in the MS white matter is perivenular (around the vein)

[Dworkin et al., 2018, Tallantyre et al., 2009, Sati et al., 2016]. Figure 5.2

shows the perivenular lesion in 3T Flair* MRI of a subject with relapsing

and remitting multiple sclerosis.

Strong evidence has been shown in research studies that higher proportions

of MS lesions show the CVS in comparison to lesions caused by mimics of

MS [Sati et al., 2016, Mistry et al., 2013, Dworkin et al., 2018, Maggi

et al., 2018]. However, there are concerns regarding the CVS subjective

assessment variability and the time that is required to decide on CVS in

every lesion per patient. These concerns could limit the practicality of the

clinical application of CVS.
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Figure 5.2: Axial, sagittal, and coronal 3T FLAIR* images of relaps-
ing–remitting multiple sclerosis; showing MS lesions with central vein sign
[Maggi et al., 2018]

Although some studies suggested methods to limit the number of lesions to

be examined, by generating rules for fast allocation of disease category or

restricting the candidate lesions [Solomon et al., 2018, Mistry et al., 2016],

these approaches could not be as successful as the assessment of CVS in all

lesions per patient. These approaches may also increase the variability of

assessments [Dworkin et al., 2018]. The first automated technique for MS

detection using CVS in MRI proposed a six-step approach which requires

T1-weighted volume, T2-weighted FLAIR volume, and T2*- weighted seg-

mented Echo-Planar Imaging (EPI) volume.

In the first step, by T2*-EPI, a map of veins is created and registered to T1

volume. In the second and third steps, using T1 and T2 FLAIR volumes,

the white matter lesions are segmented and the lesion boundaries are deter-

mined by removing the ambiguous boundary voxels. The fourth step is to

remove the periventricular lesions from the candidate lesions. The fifth step

is to determine whether identified veins occur in the centre of a given lesion

to a greater degree than expected by chance. The last step is to achieve

more stable biomarkers by weighing the contribution of each lesion to the
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biomarker by the amount of noise in the voxels of the lesion on the T2*-EPI

volume. Although the resulting automated biomarkers of this study had

strong diagnostic ability, the automated decision of every lesion in a scan is

not yet as accurate as manual categorisation of every lesion in a scan. More

studies are essential for this approach to be feasible for use in the clinic.

Moreover, due to the noise in T2*-EPI, 9 subjects were excluded from the

study, implying the lack of robustness of the proposed method. Further-

more, biomarker values were found to be lower than previously reported

CVS proportions for MS patients and higher than previously reported CVS

proportions for those without MS. This could arise from the poor perfor-

mance of the lesion segmentation step [Dworkin et al., 2018]. Hence, it

is evident that accurately segmenting lesions is crucial in differentiating

an MS brain from other diseases that resemble MS. This step is essential

in reducing misdiagnosis and avoiding unnecessary medication for patients

before addressing CVS biomarker detection. In this chapter, our focus is

on the white matter lesion segmentation using supervised methodlogies.

5.2.2 Multiple Sclerosis Supervised Lesion Segmen-

tation

Supervised MS lesion segmentation methods undergo a training process in

order to learn the definition of lesions from the data that are usually previ-

ously manually segmented. The training is based on the features extracted

by the methods. The MS supervised lesion segmentation methods can

be categorised into four subcategories of atlas-based, data-driven, feature-

based and statistical approaches [Danelakis et al., 2018].
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Atlas-based methods

The segmentation of medical images often needs inclusion of a priori in-

formation. Brain map (atlas) can provide statistical or topological infor-

mation. A statistical atlas gives the prior probability of each voxel of a

specific tissue, and a topological atlas encodes a certain topology for each

structure and group of structures. Techniques that use atlas information

require the application of a registration process to fit the atlas to the in-

put image [Danelakis et al., 2018]. Generally, the atlas is transformed to

match the input image, and to segment the structures. Another approach

is to implement a non-rigid registration [Dawant, 2002] of a single atlas to

the image with the appropriate structures segmented by mapping the seg-

mentation labels. Other proposed approaches combine statistical atlas and

non-rigid registration [Bazin and Pham, 2007]. In [Jesson and Arbel, 2015],

a hierarchical framework for the segmentation of healthy tissues and MS

lesions was proposed. The study used ISBI 2015 Challenge data [Carass

et al., 2017] and in addition to the preprocessing provided by the chal-

lenge, intensity normalisation and a block wise non-local means denoising

filter were done [Coupé et al., 2008]. Their argument is that by modelling

healthy structures in the presence of pathology, lesion segmentation can

be enhanced. In the proposed framework, first atlases were built for le-

sions and a wide variety of healthy tissues off-line during training. At the

second stage, Multi-Atlas Label Fusion (MALF) was performed from the

atlases to patient images to use as spatial priors for a voxel-based MRF

framework. Finally, a Regional Random Forest classifier refined candidate

lesions segmentations. Another study proposed Lesion-TOADS method

which is an extension of the Topology-Preserving Anatomical Segmenta-

tion (TOADS) [Bazin and Pham, 2008] algorithm. Lesion-TOADS is for-

mulated based on the fact that topological outliers, such as lesions, can
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be addressed in a topology-preserving framework when they are grouped

together with the underlying tissues. The proposed method models the

lesions while maintaining the constraints provided by topological and sta-

tistical atlases. Before segmentation, the atlases are rigidly registered to

the MR image of interest. Then, MS lesions can be modeled as a separate

cluster in the TOADS intensity atlas-based segmentation algorithm with

the desirable topological properties. As significant amount of false posi-

tives often occurs in a tissue classification or clustering technique due to

the intensity profile similarity of lesions to other structures in the brain; a

post-processing step for reducing false positives is applied as the final step

[Shiee et al., 2010]. The primary dissimilarity is that Shiee et al. focuses

on topology-preserving segmentation and post-processing to mitigate false

positives [Shiee et al., 2010], while Jesson et al. emphasize hierarchical

processing by incorporating MALF [Jesson and Arbel, 2015].

Data-Driven Methods

These methods utilise data-based approaches such as thresholding [Sezgin

and Sankur, 2004], spatial analysis, intensity analysis, morphology analy-

sis, topology analysis or region growing [Adams and Bischof, 1994] . In

[Prados et al., 2015], the Optimised Patch Match Label fusion method [Ta

et al., 2014] is used to locate pathological regions by using a template li-

brary containing multimodal images with manually segmented MS lesions.

Patch Match estimates the location of the lesions in the target image by

matching patches between the template library images and target images.

As the proposed method has a patch matching methodology, it is essen-

tial that the template database comprises of a wide variety of lesion sizes

and lesions with various locations which could limit the practicality of this

method. In [Guizard et al., 2015], a Rotation-invariant Multi-contrast Non-
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Local Means Segmentation (RMNMS) method is proposed for MS lesion

segmentation. The preprocessing steps include: Non-Local Means (NLM)

image denoising [Coupé et al., 2008], intensity non-uniformity correction

[Sled et al., 1998], linear intensity normalisation of the image histogram,

linear registration of each T1W image, Rigid registration of the T2W and

FLAIR to the T1W image, and brain extraction [Eskildsen et al., 2012].

The NLM algorithm in this study uses a rotation-invariant distance metric,

instead of the L2-norm metric. The results of RMNMS, with multi-contrast

and rotation-invariant patch distance, shows that the non-local method is

able to detect structures that vary in size, shape and location such as MS

lesions. However, the proposed method relies on a set of dataset containing

a variety of MS lesions with different properties. Thus, it requires a larger

number of training subjects to capture the variability of the structure to

be segmented where spatial distribution, shape and size of MS lesions are

not consistent. The similarity of Prados et al. and Guizard et al is the

reliance on template-based approaches which could limit their efficacy.

Feature-based methods

These methods are based on the features that are extracted from the input

data containing meaningful information. These features, can then be used

for further processing. In [Jog et al., 2015], as the first step the N4 [Tustison

et al., 2010] (modified nonparametric nonuniform intensity normalisation)

for bias correction, rigid registration and skull stripping is performed. The

features extracted are local intensity information and global context infor-

mation for a voxel and are fed into multi-output decision trees. As the

last step the output image is smoothed using a Gaussian filter to reduce

false positives [Danelakis et al., 2018]. In another approach, segmentation

is used to obtain a hierarchical decomposition of a multichannel MR scans.
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Unlike other approaches that use voxel-wise analysis, the proposed system

uses regional properties which are important for characterising abnormal

brain structures. A set of features are extracted including intensity, shape,

location, neighborhood relations, and anatomical context of segments; and

a supervised decision forest classifier is trained based on the obtained fea-

tures. The main errors of this approach, however, are due to the false

positive rates related to dirty-appearing white matter (brain regions of

intermediate signal intensity between those of focal lesions and normal-

appearing white matter) rather than focal lesions [Akselrod-Ballin et al.,

2009].

In [Strumia et al., 2016], a 3D MS lesion segmentation method based on

an adaptive geometric brain model is proposed. The topological features

of the lesions and brain tissues are modeled in order to constrain the le-

sion segmentation to the White Matter (WM). As a result, the method is

independent of an MRI atlas. The proposed geometric model of the brain

is less sensitive to spatial variabilities of the brain’s anatomy. An energy

is defined which models the appearance of the tissues and the topological

structure of the brain including the ordering of the different tissue layers

and the connectivity of the grey matter. One limitation of the proposed

method is that the geometric model is not completely correct, as the entire

adjacencies for the WM are not modeled.

Another study used Random Forest (RF) to be trained on the intensity-

based features extracted from the MR scans. The preprocessing is done

using a learning based intensity standardisation method. At the post-

processing stage, the output of the RF classifier is thresholded with a bias

in favour of the lesion class. Finally, single unconnected lesion voxels are

removed, holes in binary lesion objects are closed and a single-iteration

closing operation with a 3D square-connected component is applied [Maier
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and Handels, 2015].

In [Steenwijk et al., 2013], signal intensity, MNI-normalised spatial coor-

dinates x, y and z, and tissue type probabilities pCSF, pGM, and pWM,

obtained by Multi-Atlas segmentation method, were utilised as features in

k-Nearest Neighbour classifier. The features are normalised based on ro-

bust range normalisation and histogram matching. The classifier is used

to decide whether a voxel is a lesion or not. Finally, a post-processing step

is implemented to reduce false positives based on the lesion volumes. One

of the limitations of the proposed method is that a new model needs to

be trained when applied to data originating from other scanners or other

acquisition protocols. In [Mahbod et al., 2016], four steps of pre-processing

including histogram matching, bias field correction, extremely low inten-

sity values removal and normalisation are applied to the MR scans. Then,

intensity-based and spatial-based features are extracted and imported to a

multi-layer perceptron classifier for a per voxel segmentation. In [Muschelli

et al., 2016], the MRI images were corrected, using the N4 inhomogeneity

correction. Then, features are extracted such as the normalised intensity of

the voxels, their neighborhood and their contralateral differences. Finally,

an RF classifier is trained in order to provide the probability that a voxel

belongs to a lesion.

In [Vera-Olmos et al., 2016], a learning-based intensity standardisation

method is used at the preprocessing stage. Then, a number of intensity-

based and location-based features are extracted and are fed into a random

forest classifier. This classifier derives an initial lesion mask and a lesion

probability mask. A Markov Random Field (MRF) post processing al-

gorithm is applied to make lesions grow through probable neighborhoods

using the exploited mask.
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While all methods focus on feature extraction from MR images, they differ

in their preprocessing steps, the features they extract, and their choice of

classifiers and post-processing techniques. These variations impact their

effectiveness in handling false positives and adapting to different imaging

protocols.

Statistical methodologies

These methods utilise probability density function estimations for proba-

bilistic segmentation. In [Ghafoorian and Platel, 2015], a DCNN with five

layers is used to create a statistical, voxel-based classifier. As the prepro-

cessing step, the image intensity is normalised. Then the images are fed

into the model as patches and the CNN learns if the central voxel of a given

region of interest is a lesion or not. Stochastic gradient descent is used for

the network optimisation. In [McKinley et al., 2016], a DCNN for MS

lesion segmentation is proposed. To ensure that low-level and high-level

features are utilised for the prediction, the proposed network is a combina-

tion of an encoder-decoder network and a fully convolutional network with

18 layers. Similarly, another method was proposed in [Brosch et al., 2016],

for automatic segmentation of MS lesions based on deep convolutional en-

coder networks with shortcut connections. The joint training of the two

pathways of the networks for feature extraction and prediction allows for

the automatic learning of features at different scales that are tuned for a

given combination of image types and segmentation task. Furthermore, a

new loss function is proposed based on the combination of sensitivity and

specificity to address the unbalanced problem of MS MRI scans.

In [Valverde et al., 2016], a CNN network is proposed with two dense

convolution layers to probabilistically classify the voxels. The network is
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trained using 3D patches to obtain a higher number of training samples

whilst reducing the amount of parameters to optimise as network weights.

At the preprocessing stage, NL-Means based denoising, rigid registration,

skull stripping, bias correction using the N4 algorithm and normalisation

is performed on the MRI scans. As an extension of their previous work,

a cascade of two 3D patch-wise CNNs is proposed. The first network is

trained to be more sensitive detecting the candidate lesion voxels and the

second network to reduce the number of misclassified voxels resulting from

the first network. The previous proposed CNN is improved to a more

sensitive cascaded 3D CNN which tends to learn well from small labeled

datasets. This can be beneficial in practice considering the difficulty of

manual label annotations and the amount of available unlabelled MRI data

[Valverde et al., 2017].

In [Subbanna et al., 2015], an Iterative Multilevel probabilistic Graphical

model for the detection and segmentation of MS lesions is proposed. The

model has two MRF levels. At the bottom level, a regular grid voxel-based

MRF identifies potential lesion voxels, as well as other tissue classes, using

local and neighbourhood intensities and class priors. Contiguous voxels

of a particular tissue type are grouped into regions. A higher, non-lattice

MRF is then constructed, in which each node corresponds to a region, and

edges are defined based on neighbourhood relationships between regions.

The goal of this MRF is to evaluate the probability of candidate lesions,

based on group intensity, texture and neighbourhood regions. The inferred

information is then propagated to the voxel-level MRF which performs

voxel wise classification. The strength of this model is in detecting very

small lesions.

In [Roy et al., 2018], the proposed method contains two convolutional path-

ways. The first pathway consists of multiple parallel convolutions for mul-
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tiple MR modalities. In the second pathway, the outputs of the first one are

concatenated and another set of convolutional layers is applied. Further-

more, a preprocessing step is applied including registration, skull stripping

and N4 intensity inhomogeneity. In [Kang et al., 2020], a 3D Attention

Context U-Net (ACU-Net) was introduced, an end-to-end framework de-

signed for the segmentation of MS lesions with MRI scans. Recognising

the challenges posed by MS lesions, which are diffuse, multifocal, and often

affect peripheral brain structures, ACU-Net integrates a 3D context-guided

module in both the encoder and decoder stages of the traditional 3D U-

Net architecture. This module is tasked with expanding the perception

field and enhancing the contextual information guiding the segmentation

process. Additionally, the framework employs a 3D spatial attention block

within the skip connection stages to strengthen the feature representa-

tion, focusing on spatial details and improving the overall segmentation

of lesions. The effectiveness of ACU-Net was validated on the ISBI 2015

longitudinal MS lesion segmentation challenge dataset.

In [Zhang et al., 2021], Zhang et al. developed a deep learning model

based on the 3D U-Net architecture, named ALL-Net, aimed at enhancing

the segmentation of MS lesions with high speed and precision, utilising se-

quences from T2 FLAIR, T1-weighted, and T2-weighted MRI. This model

incorporates two novel components: distance transformation mapping to

leverage anatomical information, and a lesion-specific loss function to boost

the detection of smaller lesions. The effectiveness of ALL-Net was vali-

dated through tests on the ISBI 2015 dataset and a more extensive Cornell

MS dataset. ALL-Net’s novel approach includes integrating voxel position

learning for anatomical detail encoding and lesion-wise learning for im-

proved lesion identification, addressing the challenges of ambiguous image

contrast and bias due to lesion location. It effectively utilises anatomical
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location information and a lesion-wise loss function, which treats lesions

of varying sizes with equal importance, facilitating a shift from voxel-wise

to lesion-wise detection. The study also demonstrated the advantage of

3D convolution in capturing richer contextual information for better net-

work training, emphasising the importance of a large dataset to mitigate

overfitting risks.

In [Kamraoui et al., 2022], Deep Lesion Brain (DLB), a deep learning

framework was proposed that is specifically designed to address domain

shift challenges in the segmentation of MS lesions, leveraging a 3D CNN

approach. This method has three primary innovations: the deployment of

a broad ensemble of compact 3D CNNs for resilient predictions, the appli-

cation of hierarchical specialisation learning for an effective blend of global

and local image feature extraction, and the introduction of a novel image

quality data augmentation strategy to minimise training data specificity

reliance. DLB utilises only T1-weighted and T2 FLAIR MRI modalities,

ensuring compatibility with a broad array of datasets. Through an abla-

tion study, the contributions of each element to the model’s segmentation

accuracy and its ability to generalise across domains were highlighted. The

motivation behind DLB emerges from the observed limitations of existing

CNN-based segmentation methods in their application to clinical data from

unseen datasets, despite their proven efficacy in controlled conditions.

This category of methods use statistical methodologies and deep learning

approaches, and their main difference are normally in architecture, pre-

processing, and strategies for handling class imbalances and domain shift

issue. These differences impact their effectiveness in lesion segmentation

across various MRI datasets.

The MS lesion segmentation categories, with their key characteristics and
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associated limitations are summarised in Table 5.1.

Category Characteristics Limitations

Atlas-

based

Anatomical atlases,

registration

Registration Dependence: Requires

accurate registration methods; Atlas

Quality: Performance depends on at-

las quality; Generalisation: May not

adapt well to different datasets.

Data-

driven

Data analysis, patch

matching, spatial

analysis

Data Dependency: Needs exten-

sive, diverse datasets; Adaptability:

Struggles with new or varied datasets;

Preprocessing Complexity: Com-

plex steps which can introduce errors.

Feature-

based

Image features utilisa-

tion

False Positives: Issues with ambigu-

ous regions; Preprocessing Impact:

Sensitive to preprocessing quality.

Statistical Probabilistic models

for estimating proba-

bility density function

Data Dependence: Relies on data

quality and quantity; Generalisation:

May not generalise well without adap-

tation; Overfitting: Risk with lim-

ited or non-diverse data; Preprocess-

ing Sensitivity: Affected by prepro-

cessing quality.

Table 5.1: Overview of MS lesion segmentation methods, highlighting their
key characteristics and associated limitations.

In the rest of this chapter, we focus on this particular challenge of segment-

ing brain lesions associated with MS. We apply here some of our existing

knowledge and ideas onto the challenging and limited-data domain of MS

medical imaging, explore the intricacies of preparing MS images for seg-
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mentation, and conduct experiments with three in-house MS datasets. Our

exploration involves comparing two preprocessing approaches and DCNN

models. Specifically, our objective is to assess the effectiveness of our tai-

lored loss functions (UCF, ELF, UCF+AL and ELF+AL introduced in

Chapter 3) in the context of Fully supervised MS brain lesion segmenta-

tion.

5.3 Multiple Sclerosis Data and Challenges

In this chapter, we use 78 MR volumes from 3 different local datasets for

subjects with MS including ACTIMUS, SPMMRC and MEDSCH datasets,

with T1 and T2 FLAIR MRI sequences for each subject. ACTIMUS and

SPMMRC data were acquired on a 3T Achieva MR scanner (Philips Med-

ical, Best, The Netherlands) using a 32 channel head coil. MEDSCH data

were acquired on a 3T MR750 scanner (GE Healthcare, Milwaukee, USA)

using a 32 channel head coil. Information about the number of samples

and image dimensions are shown in Table 5.2.

Dataset Samples Minimum Maximum

ACTIMUS 35 142, 170, 150 167, 224, 200

MEDSCH 23 146, 177, 153 175, 237, 200

SPMMRC 20 146, 171, 145 169, 212, 200

Table 5.2: Dataset details with the number of samples, minimum and max-
imum image dimensions, all with voxel dimensions of 1x1x1 millimetre.

5.3.1 preprocessing Methods

Before developing a method for MS lesion segmentation, it is important

that input images are prepared for the segmentation task. The general
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procedure is to extract the brain tissue from Skull and other remaining

head structures and make sure all modalities and region of interest are

properly aligned. In this section we compare two standard preprocessing

approaches and compare the outcomes of these two methods:

Naive preprocessing Approach

The Naive Preprocessing (NP) procedure performed on the data is as fol-

lows: T2 FLAIR and T1 alignment using FMRIB’s Linear Image Registra-

tion Tool (FLIRT), a fully automated robust accurate tool for linear (affine)

intra-and inter-modal brain image registration [Jenkinson and Smith, 2001,

Jenkinson et al., 2002], Remove non-brain tissue using Brain Extraction

Tool (BET) [Smith, 2002], Zero-mean normalisation.

Figure 5.3 shows the resulting T2 FLAIR and T1 volumes of target datasets

using NP. Visual inspections reveal some issues in the NP procedure. For

example, after brain extraction, for some of the subjects, the brain tissue

was not extracted correctly. Figure 5.4 shows some of these inspected

volume slices. The issues are marked by yellow arrows.

UK BioBank Pipeline preprocessing Approach

On the other hand, UK Biobank Preprocessing Pipeline (UKBP) [Alfaro-

Almagro et al., 2018] for brain imaging is a fully automated processing

pipeline primarily based on the FMRIB Software Library (FSL), a compre-

hensive library of analysis tools for functional, structural and diffusion MRI

brain imaging data [Jenkinson et al., 2012]. UKBP is a robust pipeline that

can process and integrate across many different functional and structural

modalities. Therefore, this pipeline is used as the alternative preprocessing
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procedure.

T1-Original T1-Preprocessed T2FLAIR-Original T2FLAIR-PreprocessedT1-BrainMask

T1-Original T1-Preprocessed T2FLAIR-Original T2FLAIR-PreprocessedT1-BrainMask

T1-Original T1-Preprocessed T2FLAIR-Original T2FLAIR-PreprocessedT1-BrainMask

Figure 5.3: The original T1, T2 FLAIR and the resulting T1, T2 FLAIR
and mask volumes by using the NP procedure. One subject per dataset are
chosen for illustration, from top to bottom, subjects are selected from AC-
TIMUS, MEDSCH and SPMMRC datasets, respectively. For each image,
the Axial, Coronal and Sagittal views are illustrated.

T2FLAIR-Original T2FLAIR-Naive Pre-processing Result

Figure 5.4: The NP results on some of the challenging T2 FLAIR images
of MEDSCH and SPMMRC datasets (from top to bottom). Parts of the
brain tissue are not captured by NP as marked by the yellow arrows.
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UKBP preprocessing performed on the data are as follows:

1. Identify the T1 brain start in z dimension using robustfov (image

field of view truncation) and extract the region of interest,

2. Apply recursive BET on the T1 region of interest [Smith, 2002],

3. Reduce Field Of View (FOV) by aligning the T1 extracted brain to

the standard space using the standard space reference image (MNI152T1),

4. Calculate affine transformation matrix for T1 to MNI standard space

and non-linear transformation of T1 to MNI using the obtained ma-

trix,

5. Generate the T1 brain mask,

6. T1 defacing by masking out extracranial voxels in the face and ear

regions,

7. Linear registration of T2 FLAIR to T1 [Jenkinson and Smith, 2001,

Jenkinson et al., 2002],

8. Generate the linear transformation matrix from T2 FLAIR to MNI

standard space and T2 FLAIR defacing using the generated matrix,

9. Bias Field Correction on T1 and T2 FLAIR using FSL FAST [Zhang

et al., 2001],

10. Ground Truth (GT) is aligned with the original T2 FLAIR. So, GT

needs to be aligned with the new T2 FLAIR. To this end, we added

another step to the standard UKBP pipeline. A linear registration

is performed from GT to T2 FLAIR by applying the transforma-

tion matrix generated from T2FLAIROriginal to T2FLAIRFinal and

using the reference volume T1 Extracted Brain,
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11. Zero-mean normalisation is done after the UKBP preprocessing.

Figure 5.5 and Figure 5.6 show the resulting T2 FLAIR and T1 volumes

of target datasets using UKBP preprocessing, and some sample slices of

the aligned ground truth, respectively. It can be seen from Figure 5.6 that

the preprocessed ground truth is fully aligned with the lesions in the T2

FLAIR slices.

Figure 5.7 shows a comparative illustration of the two preprocessing proce-

dures. A comparison over the visual inspections of the UKBP preprocessing

shows that UKBP in most cases could successfully exctract the tissues of

the brain that were not extracted by the Naive preprocessing.

T1-Original T1-Preprocessed T2-Original T2FLAIR-PreprocessedT1-BrainMask

T1-Original T1-Preprocessed T2-Original T2FLAIR-PreprocessedT1-BrainMask

T1-Original T1-Preprocessed T2-Original T2FLAIR-PreprocessedT1-BrainMask

Figure 5.5: The original T1, T2 FLAIR and the resulting T1, T2 FLAIR
and mask volumes by using the UKBP procedure. One subject per dataset
are chosen for illustration, from top to bottom, subjects are selected from
ACTIMUS, MEDSCH and SPMMRC datasets, respectively. For each im-
age, the Axial, Coronal and Sagittal views are illustrated.
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T2-Original T2-Original-Overlay-GT T2-Original T2-Original-Overlay-GT T2-Original T2-Original-Overlay-GT

T2-UKBP T2-UKBP-Overlay-GT T2-UKBP T2-UKBP-Overlay-GT T2-UKBP T2-UKBP-Overlay-GT

Figure 5.6: Ground truth alignment; the top row shows slices of three
samples from their original volumes with and without contoured ground
truths. The bottom row shows the respective results from The Modified
UKBP preprocessing with and without contoured ground truths.

T2_FLAIR-Original T2_FLAIR-Naïve Pre-processing Result T2_FLAIR-UKBP Pre-processing Result

Figure 5.7: The comparison between NP and UKBP; each row shows the
original, NP and UKBP T2 FLAIR slices of a subject, respectively.

5.4 Experiments

As discussed earlier, our aim in this chapter is to employ our current knowl-

edge and ideas to MS medical image segmentation. We explored the ap-

proaches to preparing MS images for segmentation. We aim to conduct

experiments with our three in-house MS datasets. Our experiments in-

volves comparing the effect of the two preprocessing approaches (NP and
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UKBP) on the segmentation performance. Then, using the best perform-

ing preprocessiong methpd, our next objective is to assess the effectiveness

of our tailored loss functions (UCF, ELF, UCF+AL and ELF+AL intro-

duced in Chapter 3) in the context of Fully supervised MS brain lesion

segmentation.

Therefore, methods selected for all experiments in this chapter are as fol-

lows:

Multi-Scale 3D Convolutional Neural Network (DeepMedic)

DeepMedic is a 3D Convolutional Neural Network tailored for segmen-

tation tasks, specifically targeting brain lesion segmentation [Kamnitsas

et al., 2015]. The network consists of 11 layers, with a double-pathway

structure. This dual-pathway approach allows for the simultaneous pro-

cessing of 3D patches at multiple scales, to enhance the model’s ability to

discern fine details and contextual information essential for accurate seg-

mentation. The reason for selecting DeepMedic as one of the reference

models in this chapter is its ability to be effectively trained on a small

dataset. This is particularly important in medical imaging, where large

annotated datasets are often scarce. Furthermore, their study shows that

the double-pathway architecture facilitates the analysis of 3D patches at

multiple scales by processing both the original and a subsampled version

of an image to provide a broader context for each voxel, enhancing the

model’s segmentation accuracy.
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Multi modality Unet (MUnet)

The second reference model selected, for evaluating our proposed tailored

loss functions for fully supervised segmentation in this chapter, we use a

MUnet with a similar structure as explained in Chapter 3 with the network

accepting two modalities (T1 and T2 FLAIR) as input. MUnet is designed

to accept 2D slices of the 3D MRI images as input.

The reader is referred to the Appendix B for the model training details and

parameter settings.

The Training, Validation, and Test sets chosen for the experiments we name

’Multi-Site Mixture’ and ’Single-Site Mixture’. Depending on the subjects

used to train the reference models, we use these two mixtures throughout

this chapter. The details of these two mixtures are shown in Table 5.3.

The reason for choosing these sets will be explained in the corresponding

experimental section.

Before presenting the results of our experiments, it is important to note

that, due to the use of an in-house dataset, direct comparisons with results

from other studies are limited. These other studies often employed various

public and in-house datasets with different protocols and scanners. Based

on a recent study [Kamraoui et al. [2022]] that compared well-known MS le-

sion segmentation methods—including nicMSlesion [Valverde et al., 2019],

DeepMedic [Kamnitsas et al., 2016], 2.5D Tiramisu [Zhang et al., 2019a],

and DLB [Kamraoui et al., 2022]—a range of Dice scores achieved by these

state-of-the-art models using different training datasets is provided in Table

5.4.

When these models were trained on one dataset and tested on another, Dice

scores ranged from 0.204 to 0.746. Statistical tests revealed no significant
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Multi-Site Mixture

Dataset
Training
Subjects

Validation
Subjects

Test
Subjects

ACTIMUS 26 2 7

SPMMRC 14 2 4

MEDSCH 16 2 5

Single-Site Mixture

Dataset
Training
Subjects

Validation
Subjects

Test
Subjects

ACTIMUS 30 5 -

MEDSCH - - 23

SPMMRC - - 20

Table 5.3: The Training, Validation, and Test sets chosen from the three
local datasets (ACTIMUS, SPMMRC and MEDSCH) for the experiments.
As can be seen, the Single-Site mixture is so-called as it uses data from
only a single site in training and validation.

Scenario Dice Range Statistical Test Result

Train on Dataset A
/ Test on Dataset B

0.204 - 0.746 No significant difference

Train on Dataset A
/ Test on Dataset A

0.639 - 0.672 No significant difference

Table 5.4: Summary of Dice score ranges for MS lesion segmentation models
based on training and testing scenarios reported in the literature [Kamraoui
et al., 2022]. The table shows the range of Dice scores achieved when models
were trained on one dataset and tested on another (cross-dataset) versus
when trained and tested on the same dataset. No statistically significant
differences were observed in either scenario.

differences among the models in this cross-dataset scenario. Conversely,

when both the training and test sets were drawn from the same dataset,

the Dice scores for these models ranged from 0.639 to 0.672, again with no

statistically significant differences observed.

This variation in Dice scores highlights the sensitivity of these models to
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domain shift issue. Depending on the dataset used for training, the models

may exhibit varying degrees of robustness to differences in data distribu-

tion, scanner types, and imaging protocols. In challenging cases, where

domain shift is more pronounced, Dice scores can be quite low, reflecting

the inherent difficulties in generalising across different datasets. The differ-

ences in scanners and protocols further complicate the segmentation task,

as these factors can impact the models’ performance, making it harder to

achieve consistent results across diverse datasets.

5.4.1 Preprocessing Pipeline Comparative Experiments

To understand the differences between the two preprocessing methods dis-

cussed in Section 5.3.1, a comprehensive set of experiments was designed

on our local MS datasets. Reference models for these experiments are

DeepMedic and MUnet with a cross entropy loss function. The parameter

settings are explained in appendix B. For this set of experiments, we used

the Multi-Site Mixture shown in Table 5.3. The subjects are chosen from a

mixture of all three local sets for train, validation and test in order to use

more data for training the model and focus on evaluating the performance

of the preprocessing methods. We trained the models on data preprocessed

using NP and UKBP preprocessing methods.

Results

Table 5.5 shows the comparison of the trained models in terms of dice

coefficient performance measure in our designed experiments. Both the

DeepMedic model and MUnet show higher performance in Dice Coefficient

when utilising UKBP preprocessing. These results support the visual re-
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sults presented in the previous section and, for this reason, we will use

UKBP as the preprocessing approach going forward.

Model Preprocessing Method Dice Coefficient

DeepMedic NP 0.597±0.045

DeepMedic UKBP 0.70±0.029

MUnet NP 0.673±0.034

MUnet UKBP 0.69±0.028

Table 5.5: MS lesion segmentation performance (on 16 Test Subjects) com-
parison of preprocessing methods NP and UKBP for the baseline models
DeepMedic and MUnet using Multi-Site Mixture data.

5.4.2 MS Lesion Segmentation Tailored Loss Func-

tion Comparative Experiments

In this section, fully-supervised MS lesion segmentation experiments are

designed. The reference models are DeepMedic and MUnet, as described

above. The loss functions proposed in Chapter 3 with the MUnet reference

model are used in this section for the segmentation of MS lesions. The

performance of the models is compared with DeepMedic and MUnet with

cross-entropy loss as baseline. The models are trained on the Multi-site

mixture set, where a combination of all three local datasets (ACTIMUS,

MEDSCH and SPMMRC) are involved in training, validation and testing.

The Multi-site mixture set was selected for this experiment to ensure that

the model is exposed to images from all three in-house datasets during

both training and testing phases, thus removing the influence of image

acquisition variability in this specific experiment.
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Results

Table 5.6 shows the experiments’ results. Based on the calculation of

the Dice Coefficient, MUnet+UCF performs best, but closely followed by

DeepMedic. The baseline MUnet model performed slightly below DeepMedic,

which aligns with expectations given DeepMedic’s more complex architec-

ture. The fact that MUnet + UCF closely matched and even slightly

surpassed DeepMedic underscores the importance of loss function design

in segmentation tasks. The effectiveness of UCF, ELF, and AL regular-

isation term could vary depending on the characteristics of the data and

the dataset used for training. For datasets with high noise or variability,

AL is important as it helps the model become more robust against inher-

ent data imperfections. UCF, on the other hand, is more beneficial when

dealing with high epistemic uncertainty, where the model lacks knowledge

or exposure to varied examples. In contrast, ELF focuses on iterative error

correction and can enhance performance by learning from previous mis-

takes. The interplay between these loss functions is tailored to the specific

data context and in some scenarios the effect of AL could cause too much

regularisation the results in underfitting.

Model Dice Coefficient

DeepMedic 0.70±0.029

MUnet (Baseline) 0.69±0.028

MUnet + UCF 0.702±0.021

MUnet + UCF + AL 0.678±0.029

MUnet + ELF 0.675±0.033

MUnet + ELF + AL 0.683±0.026

Table 5.6: MS lesion segmentation performance comparison on tailored
loss functions and the baseline models DeepMedic and MUnet using UKBP
pipeline with Multi-Site mixture data.
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Figure 5.8 shows the prediction results in three samples selected from the

test set. Each row illustrates a selected slice of the prediction results for

each model overlayed on the corresponding T2FLAIR image. The visual

inspection although very challenging to interpret due to the distribution

of the lesions throughout the brain with most of them being small lesion,

shows that the models’ lesion segmentation performance are very close.

The images for inspection are chosen randomly.

5.4.3 Understanding the Impact of Acquisition Site

and Scanner on MS Lesion Segmentation Model

Performance

The purpose of this set of experiments is to evaluate the robustness of

segmentation methods when the test data are collected from different sites

and/or scanners than the images used during the training phase. For these

experiments, the reference models are DeepMedic and MUnet. The loss

functions proposed in Chapter 3 with the MUnet reference model are used

in this section for the segmentation of MS lesions. The performance of

the models is compared with DeepMedic and MUnet with a cross-entropy

loss as baseline. The models are trained on the Single-site mixture set,

where only the ACTIMUS dataset is involved in training and validation,

and SPMMRC and MEDSCH are used as a test set (details shown in Table

5.3).

Results

The segmentation results with Dice Coefficient are shown in Table 5.7.

Three Dice Coefficient Values are reported for each model, one total aver-
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age dice, and one for each of the test sets, SPMMRC and MEDSCH calcu-

lated separately. The MUnet+UCF+AL model achieved the highest total

average Dice and highest Dice on the MEDSCH set. The MUnet+UCF

achieved the highest Dice on the SPMMRC test set.

Between MEDSCH and SPMMRC sets, the SPMMRC set has a higher

performance in terms of Dice. This is due to the fact that although the Ac-

quisition site of training set (ACTIMUS) is different from SPMMRC, the

scanner used for both of these sets are similar (scanner details are men-

tioned in section 5.3). On the other hand, the performance of all models is

lower on MEDSCH, due to the fact that MEDSCH images were acquired

from a different scanner than the images in the training set. Figure 5.9

shows the segmentation results in three samples selected from the test set.

Each row illustrates a selected slice of the prediction results for each model

overlayed on the corresponding T2FLAIR image. The visual inspection of

the images in comparing the best proposed models and DeepMedic con-

firms better segmentation for UCF+AL specifically for MEDSCH testset.

To evaluate the statistical significance of the values for each performance

measure, we applied the non-parametric Wilcoxon signed rank statistical

test [Gibbons and Chakraborti, 2011].

While incorporating the AL regularisation term and the attention-based

UCF loss did show some potential for improving Dice coefficients and en-

hancing model generalisation, the observed improvements were not sta-

tistically significant. This suggests that although AL and UCF can offer

benefits, they may not fully address the domain shift issue on their own.

Therefore, while these loss functions indicate potential avenues for improv-

ing model robustness and generalisability, more comprehensive analysis and

further research are needed to better understand and address the challenges

associated with domain shift.
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Model
Total
Dice

MEDSCH
Dice

SPMMRC
Dice

DeepMedic 0.505±0.059 0.377±0.053 0.652±0.025

MUnet (Baseline) 0.436±0.069 0.279±0.055 0.617±0.024

MUnet+UCF 0.470±0.068 0.3±0.050 0.666±0.016

MUnet+UCF+AL 0.511±0.049 0.398±0.05 0.641±0.018

MUnet+ELF 0.453±0.07 0.312±0.066 0.615±0.028

MUnet+ELF+AL 0.492±0.063 0.356±0.061 0.648±0.02

Table 5.7: MS lesion segmentation performance comparison on learning
from Single-Site Mixture and evaluating on Images acquired from different
site/scanner; Preprocessing using UKBP pipeline for the baseline models
DeepMedic and MUnet and tailored loss functions.
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Figure 5.9: Comparative visualisation of predictive performance across
three distinct test samples: MUnet with the best proposed tailored loss
functions (UCF and UCF+AL), and DeepMedic, all predictions are over-
layed on T2 FLAIR images, displayed in coronal view. Each row corre-
sponds to the results from a single sample, showcasing the efficacy of each
approach.
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5.5 Discussion

As discussed in Chapter 3, medical image segmentation is a challenging task

due to the complexity of the data and the complex nature of uncertainty

in the images. We discussed the factors that can affect the segmentation

performance. One of these influencing factors is inconsistencies in acquisi-

tion methods and the role of tailored loss functions, especially in handling

out-of-distribution data.

In this chapter, we demonstrated that in partiularly complex data such

as MS MRI images, even choosing the right pipeline for preprocessing the

images and extracting the brain tissue from the whole image can have a no-

table impact on the outcome of the subsequent segmentation method. This

effect was more obvious in the DeepMedic reference model. The DeepMedic

model was shown to be more sensitive to the preprocessiong method.

In comparing the results of the proposed tailored loss functions with an

MUnet as baseline, UCF loss and DeepMedic performed similarly despite

the fact that for MUnet+UCF method, the images were downsized due to

computational reasons and the model was only trained on 2D slices of the

MRI images.

Deep Medical Image segmentation methods have shown limited applica-

tion in MRI for tasks like MS lesion segmentation [Kamraoui et al., 2022],

primarily due to their inability to generalise well to new, unseen data from

medical sites not included in their training datasets, as shown in the ex-

periments with Single-Site Mixture set. This challenge stems from the

inherent diversity and variability in real-world data; the data are not cu-

rated and collected in a homogenous way. Factors such as optimisation

choices, the heterogeneity of training data, and the features extracted can
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affect a model’s generalisation capabilities [Kamraoui et al., 2022]. In the

experiments of this chapter, the performance of the models was lower on

the images acquired from a different scanner than when some images from

the site/scanner are included in the training. However, using the UCF+AL

loss is shown to be more effective in the robustness of the model when seg-

menting these unseen data. As discussed in chapter 3, variations arising

from the use of various scanners for data collection may lead to inherent un-

certainties in the data. The presence of such variations, if not encountered

by the model during training, could result in the introduction of model un-

certainty. By incorporating an attention mechanism driven by uncertainty

during training, the model with UCF+AL loss could effectively manage

these variations.

5.6 Conclusion

In diagnosing MS, an inflammatory demyelinating disease of the central

nervous system, MRI plays a pivotal role. MRI’s sensitivity in detecting

MS lesions, characterised by disruptions in the brain and spinal cord, is

crucial for confirming the disease’s presence, understanding its progres-

sion, and assessing treatment efficacy. T2 FLAIR imaging, recommended

for identifying various MS lesion types, and T1-weighted imaging, through

3D MPRAGE, are instrumental in this process. The identification of the

CVS within lesions has emerged as a promising diagnostic tool, given its

prevalence in MS lesions compared to other conditions. One of the impor-

tant steps towards CVS detection is accurate lesion segmentation. Despite

advances, the efforts for accurate MS lesion segmentation and the reduc-

tion of misdiagnosis remains a critical challenge, underscoring the need for

refined imaging biomarkers and the importance of robust lesion segmenta-
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tion methodologies in enhancing diagnostic precision and patient care in

MS.

In this chapter, we evaluated two preprocessing approaches, NP and UKBP,

to extract brain tissue from the remaining head structure. We found UKBP

a more robust approach by visual inspection of the preprocessed images

and by evaluating the segmentation performance of two reference models

on preprocessed NP and UKBP images.

Furthermore, we assessed the performance of our tailored loss functions for

fully supervised segmentation proposed in Chapter 3. Our experiments on

the Multi-Site Mixture dataset show that MUnet+UCF performs best, but

closely followed by DeepMedic.

In a further set of particularly challenging experiments, using the Single-

Site Mixture dataset, we demonstrated that MUnet+UCF+AL performs

better than other methods, specifically when tested on the MEDSCH dataset

where the acquisition scanner for the images were different from the im-

ages included in the training set. Our experiments show that utilising loss

functions that feedback the uncertainty of the model and use the inherent

data uncertainty as regularisation term can improve the performance of

segmentation when the model is tested on unseen data from various sites

and scanners. This underscores the significance of creating a custom loss

function to enhance the robustness of the model, alongside the architectural

design of the Deep MS lesion segmentation model.

160



Chapter 6

Conclusions

In this chapter the key contributions and conclusions of this thesis are

discussed. In this thesis, two fundamental challenges in deep medical im-

age segmentation, the output reliability and interpretability problem, and

the strong annotation scarcity problem were explored. To address these

challenges, this thesis proposed to build tailored loss functions for fully

and weakly supervised deep medical image segmentation. The following

solutions were explored in this thesis:

Uncertainty-Aware Loss Function for Fully Supervised Medical

Image Segmentation: This proposed solution, focused on the inter-

pretability of uncertainty estimation in BNNs specifically for medical image

segmentation. It explored how various factors, including lesion character-

istics and imaging inconsistencies, impact the segmentation process. It

introduced unique loss functions designed to incorporate uncertainty esti-

mation directly into the training of fully supervised DCNN models. These

include the UCF, ELF, UCF+AL and ELF+AL. These tailored loss func-

tions addressed model and data uncertainties via different mechanisms,
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enhancing a model’s interpretability and accuracy.

Extensive experiments were conducted on three benchmark medical imag-

ing datasets, each chosen for its distinct challenges and characteristics, to

evaluate the proposed loss functions and their impact on uncertainty inter-

pretation. The analysis across these datasets revealed that the ELF model,

particularly when augmented with Aleatoric Loss (ELF+AL), achieved su-

perior segmentation accuracy, as evidenced by higher Dice scores. This

finding was consistent across two of the benchmarks, ISIC2018 and BraTS,

with visual inspections confirming the quantitative results. The ELF+AL

model, in particular, showed improvement in uncertainty heatmaps, high-

lighting its effectiveness in managing uncertainties.

The findings of this solution underscore the importance of tailored uncer-

tainty management in medical diagnostics, where accurate lesion segmenta-

tion and uncertainty interpretation are critical for clinical decision-making.

The solution demonstrates that the choice of loss function significantly

affects the system’s ability to handle unseen data and adapt to out-of-

distribution examples, thereby enhancing the reliability of automated di-

agnostic systems.

Uncertainty-Guided and Spatially-ConstrainedWeakly Supervised

Deep Medical Image Segmentation: This proposed solution delves

into the development and assessment of a novel approach, for skin lesion

segmentation in medical images, specifically utilising the ISIC2018 dataset

for the experiments. By employing bounding box annotations as a guide,

the model iteratively improves its predictions towards the ground truth,

facilitated by a custom loss function that integrates weighted cross-entropy

with CRF terms. This novel loss function employs both epistemic uncer-
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tainty and spatial data relationships, enhancing the model’s confidence and

performance in identifying lesion areas.

The epistemic uncertainty heatmaps serve as a critical guide, revealing

the model’s evolving confidence across training epochs and highlighting

persistently challenging areas for segmentation. Such insights underscore

the method’s dynamic adaptation and the potential for further refine-

ment, especially in accurately delineating complex lesion boundaries. The

method demonstrates varying effectiveness depending on the lesion’s con-

trast against the background, with the CRF playing a significant role in

reinforcing segmentation accuracy, albeit with some limitations in cases of

subtle intensity variations.

The proposed method represents a performance improvement in weakly

supervised skin lesion segmentation, offering an innovative solution that

combines epistemic uncertainty estimation and spatial constraints. How-

ever, it is important to note that challenges remain, particularly in handling

lesions with minimal intensity differences from their background. These in-

sights pave the way for future improvements, especially in optimising the

CRF component to better manage such subtle variations, ensuring more

reliable and precise segmentation outcomes in medical diagnostics.

MS Lesion Segmentation Case Study: A significant focus of this

thesis is a case study on MS lesion segmentation, aiming to delve into

the complexities and challenges inherent in segmenting MS lesions from

MRI images. This study specifically addresses the difficulties posed by

the challenging nature of MS presentation, and the variability in image

acquisition methods, underscoring the importance of designing tailored loss

functions to effectively manage these challenges, especially with data that
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diverges from what model has encountered.

This case study explored the critical role of preprocessing techniques in

enhancing the accuracy of segmenting brain lesions, noting that the selec-

tion of the preprocessing pipeline can significantly influence the results. It

further investigates the performance of various loss functions in improv-

ing segmentation accuracy, particularly for data acquired from different

scanners and locations, which often present unseen challenges. Despite

computational constraints that necessitated modifications such as image

downsizing and training on 2D slices, the proposed tailored loss functions

(UCF and UCF+AL) demonstrated to be effective, in comparison to ap-

proaches that focus on modifying the DCNN architecture itself (DeepMedic

[Kamnitsas et al., 2016]).

This case study highlights the sensitivity of the DeepMedic reference model

to preprocessing methods. This sensitivity underscores the need for careful

choice of preprocessing pipelines to optimise segmentation outcomes. More-

over, the study reveals that tailored loss functions, particularly UCF+AL,

enhance the model’s robustness in segmenting unseen data, a crucial factor

given the diversity and variability of real-world medical data and the chal-

lenge of generalising across different medical imaging sites and scanners.

Summary In summary, this thesis presented novel solutions to the crit-

ical challenges of output interpretability, along with accurate annotation

scarcity in medical image segmentation on both challenging benchmark

datasets and in-house datasets. By developing tailored loss functions, this

work, particularly contributed to the fully and weakly supervised segmen-

tation. The introduction of uncertainty-aware loss functions and spatial

constraints, shown improvement in segmentation performance and inter-
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pretability of segmentation results.

Future Work As a future direction, methods that use global constraints

on the model such as size of the lesion by simply putting constraints on

softmax, in a form of regualarisation in loss function should be explored

due to their success in improving the performance of segmentation models

[Kervadec et al., 2019, Jia et al., 2017, Bateson et al., 2019, Pathak et al.,

2015].

Another future direction, based on our preliminary studies, is the use of

topological Data Analysis (TDA) tools to translate shape priors to loss

function. Topology, a branch of mathematics, focuses on the study of

shapes and their intrinsic properties that remain unchanged under contin-

uous transformations, such as stretching or bending. Topological concepts

provide powerful tools for understanding abstract and complex spatial re-

lationships that extend beyond simple geometric measurements Carlsson

[2009, 2020]. The increasing complexity of datasets in various scientific

domains has led to the development of TDA, an innovative approach that

incorporates topological concepts for the analysis of large and intricate data

sets.

TDA models data using graphs or networks instead of traditional linear

algebraic or cluster analysis methods, capturing the shape of the data

in a combinatorial manner. This approach leverages mathematical meth-

ods, such as homology, to measure shape and gain insights into the over-

all structure of the data set Carlsson [2009, 2020]. Approaches such as

Semi-supervised learning for segmentation often incorporate prior/domain

knowledge, such as anatomical information about the objects of inter-

est, as strong regularisation. This prior knowledge, including location,
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shape, anatomy, and context, is crucial for manual annotation, particularly

when boundaries are unclear or image contrast is low. In deep network-

based semantic segmentation, training typically relies on local or pixel-wise

loss functions, which might not adequately capture underlying anatomical

structures and global dependencies. Anatomical-prior-guided methods as-

sume the solution space can be expressed as a prior distribution, encour-

aging the network to produce more anatomically plausible segmentation

Peng and Wang [2021].
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Nicolas Guizard, Pierrick Coupé, Vladimir S Fonov, Jose V Manjón, Dou-

glas L Arnold, and D Louis Collins. Rotation-invariant multi-contrast

non-local means for ms lesion segmentation. NeuroImage: Clinical, 8:

376–389, 2015.

Axel Haase. Snapshot flash mri. applications to t1, t2, and chemical-shift

imaging. Magnetic resonance in medicine, 13(1):77–89, 1990.

Joseph V Hajnal, David J Bryant, Larry Kasuboski, Pradip M Pattany,

Beatrice De Coene, Paul D Lewis, Jacqueline M Pennock, Angela Oa-

tridge, Ian R Young, and Graeme M Bydder. Use of fluid attenuated

inversion recovery (flair) pulse sequences in mri of the brain. Journal

of computer assisted tomography, 16(6):841–844, 1992a.

Joseph V Hajnal, Beatrice De Coene, Paul D Lewis, Christine J Bau-

douin, Frances M Cowan, Jacqueline M Pennock, Ian R Young, and

Graeme M Bydder. High signal regions in normal white matter shown

by heavily t2-weighted csf nulled ir sequences. J Comput Assist To-

mogr, 16(4):506–513, 1992b.

Brian Hargreaves. Rapid gradient-echo imaging. Journal of Magnetic Res-

onance Imaging, 36(6):1300–1313, 2012.

K Harrison, H Pullen, C Welsh, O Oktay, J Alvarez-Valle, and R Jena. Ma-

chine learning for auto-segmentation in radiotherapy planning. Clinical

Oncology, 34(2):74–88, 2022.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Spatial pyramid

pooling in deep convolutional networks for visual recognition. IEEE

177



transactions on pattern analysis and machine intelligence, 37(9):1904–

1916, 2015.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual

learning for image recognition. In Proceedings of the IEEE conference

on computer vision and pattern recognition, pages 770–778, 2016a.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Identity map-

pings in deep residual networks. In Computer Vision–ECCV 2016:

14th European Conference, Amsterdam, The Netherlands, October 11–

14, 2016, Proceedings, Part IV 14, pages 630–645. Springer, 2016b.

Essam H Houssein, Marwa M Emam, Abdelmgeid A Ali, and Ponnuthu-

rai Nagaratnam Suganthan. Deep and machine learning techniques for

medical imaging-based breast cancer: A comprehensive review. Expert

Systems with Applications, 167:114161, 2021.

Andrew G Howard, Menglong Zhu, Bo Chen, Dmitry Kalenichenko, Wei-

jun Wang, Tobias Weyand, Marco Andreetto, and Hartwig Adam.

Mobilenets: Efficient convolutional neural networks for mobile vision

applications. arXiv preprint arXiv:1704.04861, 2017.

Shi Hu, Daniel Worrall, Stefan Knegt, Bas Veeling, Henkjan Huisman, and

Max Welling. Supervised uncertainty quantification for segmentation

with multiple annotations. In International Conference on Medical Im-

age Computing and Computer-Assisted Intervention, pages 137–145.

Springer, 2019.

Gao Huang, Yu Sun, Zhuang Liu, Daniel Sedra, and Kilian Q Weinberger.

Deep networks with stochastic depth. In Computer Vision–ECCV

2016: 14th European Conference, Amsterdam, The Netherlands, Oc-

tober 11–14, 2016, Proceedings, Part IV 14, pages 646–661. Springer,

2016.

178



Gao Huang, Zhuang Liu, Laurens Van Der Maaten, and Kilian Q Wein-

berger. Densely connected convolutional networks. In Proceedings of

the IEEE conference on computer vision and pattern recognition, pages

4700–4708, 2017.

Huimin Huang, Lanfen Lin, Ruofeng Tong, Hongjie Hu, Qiaowei Zhang,

Yutaro Iwamoto, Xianhua Han, Yen-Wei Chen, and Jian Wu. Unet

3+: A full-scale connected unet for medical image segmentation. In

ICASSP 2020-2020 IEEE international conference on acoustics, speech

and signal processing (ICASSP), pages 1055–1059. IEEE, 2020.
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Appendix A

Uncertainty Map

Interpretations in Medical

Image Segmentation

Tables A.1, A.2, and A.3 show the non-parametric Wilcoxon signed rank

significance test based on the Dice Coefficient performance measure for test

subjects in ISIC2018, BraTS and BUS17 datasets, respectively.
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Comparison H P-value

Baseline vs. Aleatoric Loss 0 0.4962

Baseline vs. UCF Loss 0 0.7639

Baseline vs. ELF Loss 0 0.7008

Baseline vs. UCF + AL 0 0.0804

Baseline vs. ELF + AL 0 0.8104

Aleatoric Loss vs. UCF Loss 0 0.4925

Aleatoric Loss vs. ELF Loss 0 0.5496

Aleatoric Loss vs. UCF + AL 1 0.0012

Aleatoric Loss vs. ELF + AL 0 0.3909

UCF Loss vs. ELF Loss 0 0.9321

UCF Loss vs. UCF + AL 0 0.2313

UCF Loss vs. ELF + AL 0 0.6032

ELF Loss vs. UCF + AL 1 0.0030

ELF Loss vs. ELF + AL 0 0.3591

UCF + AL vs. ELF + AL 0 0.0607

Table A.1: Non-parametric Wilcoxon signed rank significance test based
on the Dice Coefficient performance measure for test subjects in ISIC2018
dataset. Bold value indicates that the result of Wilcoxon test is significant
(significance rate is 0.01).
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Comparison H P-value

Baseline vs. Aleatoric Loss 0 0.4649

Baseline vs. UCF Loss 0 0.0866

Baseline vs. ELF Loss 1 0.0082

Baseline vs. UCF + AL 0 0.9051

Baseline vs. ELF + AL 0 0.2317

Aleatoric Loss vs. UCF Loss 1 0.0358

Aleatoric Loss vs. ELF Loss 1 0.0388

Aleatoric Loss vs. UCF + AL 0 0.2105

Aleatoric Loss vs. ELF + AL 0 0.3675

UCF Loss vs. ELF Loss 0 0.2594

UCF Loss vs. UCF + AL 0 0.0511

UCF Loss vs. ELF + AL 0 0.3290

ELF Loss vs. UCF + AL 1 0.0146

ELF Loss vs. ELF + AL 0 0.1740

UCF + AL vs. ELF + AL 0 0.1569

Table A.2: Non-parametric Wilcoxon signed rank significance test based
on the Dice Coefficient performance measure for test subjects in BraTS
dataset. Bold value indicates that the result of Wilcoxon test is significant
(significance rate is 0.01).
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Comparison H P-value

Baseline vs. Aleatoric Loss 0 0.8107

Baseline vs. UCF Loss 0 0.9039

Baseline vs. ELF Loss 0 0.9133

Baseline vs. UCF + AL 0 0.8313

Baseline vs. ELF + AL 0 0.9058

Aleatoric Loss vs. UCF Loss 0 0.8405

Aleatoric Loss vs. ELF Loss 0 0.9811

Aleatoric Loss vs. UCF + AL 0 0.7771

Aleatoric Loss vs. ELF + AL 0 0.9359

UCF Loss vs. ELF Loss 0 0.8107

UCF Loss vs. UCF + AL 0 0.9811

UCF Loss vs. ELF + AL 0 0.7475

ELF Loss vs. UCF + AL 0 0.9133

ELF Loss vs. ELF + AL 0 0.8684

UCF + AL vs. ELF + AL 0 0.8107

Table A.3: Non-parametric Wilcoxon signed rank significance test based
on the Dice Coefficient performance measure for test subjects in BUS17
dataset. Bold value indicates that the result of Wilcoxon test is significant
(significance rate is 0.01).
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Appendix B

Understanding Multiple

Sclerosis: Challenges and Deep

Convolutional Neural Network

MS Lesion Segmentation

B.1 Model Training and Parameter Settings

The baseline architecture of the MUnet reference model is Unet with 5

layers in both the encoder and decoder paths. The models are trained for

50 epochs with Adam optimiser and learning rate of 0.0001. To calculate

the uncertainty map during the training and at inference time, the dropout

rate and the number of stochastic forward passes were set to d = 0.05 and

M = 20. The input images for segmentation using MUnet were downsized

to (140 , 140 , 170) due to computational reasons and the model was only

trained on 2D slices of the MRI images.
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The DeepMedic [Kamnitsas et al., 2016] model contains 3 resolution path-

ways, one with the original volumes and two parallel pathways with down-

sampling scales of (3, 3, 3) and (5, 5, 5). Each pathway contains 8 layers.

Two Fully Connected (FC) hidden layers are added before the final classifi-

cation layer. The dropout rates for the pathways, the last FC layer and the

classification layer are 0, 0.5 and 0.5, respectively, and the size of the train-

ing segments are (37, 37, 37). The models are trained for 700 epochs with

Adam optimiser and 0.001 learning rate and cross entropy loss function.

The parameter settings and corresponding loss function for each loss func-

tion are listed in Table B.1. All the parameters are chosen experimentally

and fixed throughout the experiments.

Model LossFunction Parameter settings

MUnet (baseline) Lce -

MUnet+UCF LUCF α = 0.1, β = 3

MUnet+ELF LELF α = 0.2, β = 3

MUnet+UCF+AL LUCF+AL α = 0.1, β = 3, λ = 1, sampling = 10

MUnet+ELF+AL LELF+AL α = 0.2, β = 3, λ = 0.1, sampling = 10

Table B.1: Model Configurations with their Corresponding Loss Functions
and Hyper-parameter Settings For MS Dataset
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